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ABSTRACT
Personalized recommendation plays a central role in various online
applications. To provide quality recommendation service, it is of
crucial importance to consider multi-modal information associated
with users and items, e.g., review text, description text, and images.
However, many existing approaches do not fully explore and fuse
multiple modalities. To address this problem, we propose a multi-
modal contrastive pre-training model for recommendation. We
first construct a homogeneous item graph and a user graph based
on the relationship of co-interaction. For users, we propose intra-
modal aggregation and inter-modal aggregation to fuse review
texts and the structural information of the user graph. For items,
we consider three modalities: description text, images, and item
graph. Moreover, the description text and image complement each
other for the same item. One of them can be used as promising
supervision for the other. Therefore, to capture this signal and better
exploit the potential correlation of intra-modalities, we propose a
self-supervised contrastive inter-modal alignment task to make the
textual and visual modalities as similar as possible. Then, we apply
inter-modal aggregation to obtain the multi-modal representation
of items. Next, we employ a binary cross-entropy loss function to
capture the potential correlation between users and items. Finally,
we fine-tune the pre-trained multi-modal representations using
an existing recommendation model. We have performed extensive
experiments on three real-world datasets. Experimental results
verify the rationality and effectiveness of the proposed method.
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1 INTRODUCTION
To alleviate information overload on the web, recommender sys-
tems act as an indispensable tool to help users find their preferred
information from massive irrelevant contents [32]. However, tra-
ditional recommender systems suffer from data sparsity and cold
start problems [21]. To address these issues, multiple modalities
side information, including images, texts, and videos, have been
exploited to further improve recommendation performance.

As shown in Figure 1(a), an example of user-item interactions
with multi-modal side information is displayed. Each item includes
two modalities, e.g., textural description, and image. Each user has
review text information on the items they have interacted. These
multi-modal side information is critical to recommender systems.
For example, the visual appearance and textual descriptions play
essential roles when users select products online. The review text
of users can explore user interests and preferences for items.

Many approaches have been proposed to leverage the multi-
modal side information associated with users and items. For ex-
ample, VBPR [6] extends matrix factorization by incorporating
items’ visual feature. [13] proposed a review-based recommenda-
tion method, which exploits the user review data to describe users’
preferences. However, they only consider a specific type of side
information for the dedicated recommendation scenario. To bet-
ter incorporate multi-modal information, MMGCN [29] constructs
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Figure 1: (a) An example user-item interactions with multi-
modal side information. (b) Item graph. (c) User graph. These
two graphs are built on user-item interactions (such as co-
clicks or co-purchases).

modal-specific graph and conducts graph convolutional operations
to capture the modal-specific user preference and item representa-
tions. [12] proposes a pre-training multi-modal graph transformer
method, which learns the item representations with graph structure
reconstruction and masked node feature reconstruction. However,
these two methods ignore the users’ review information and do not
better capture the potential correlation of users and items. [14] pro-
poses two pre-training models by constructing two single-relation
graphs and multi-relation graphs, which can better capture the
potential correlations of users and items. However, they can not an-
alyze the signal of intra-modal and inter-modal in detail. Therefore,
in this work, we investigate recommendation models that can, from
one side, efficiently utilize the multimodality side information, cap-
ture modality-specific features, and, from another side, aggregate
cross-modality information from both user and items.

To be more specific, we propose a novel multi-modal contrastive
pre-training method for recommendation. Furthermore, an exist-
ing recommendation model is built on fine-tuning the pre-trained
multi-modal embeddings. Illustrated in Figure 1, in addition to the
description texts, images, and the review texts, we construct two
homogeneous graphs based on the relationship of co-interaction.
Therefore, in this paper, we consider two modalities for users: re-
view texts and user graph, three modalities for items: description
texts, images, and item graph. We apply a text encoder, an im-
age encoder, and a graph encoder to obtain the representations
for each modality, respectively. For users, we propose intra-modal
aggregation and inter-modal aggregation to fuse multiple modali-
ties. Intra-modal aggregation aims to fuse several review texts, and
inter-modal aggregation is applied to obtain the muli-modal user
representations. For items, we also apply inter-modal aggregation
to obtain the multi-modal item representations. In addition, the
description text and image complement each other for the same
item. One of them can be used as promising supervision for the
other. Take Figure 1(a) as an example, the description text of each

item is displayed from the perspective of textual modality, and the
image is from the perspective of visual modality. The semantics
of these two modalities are similar. To capture this signal effec-
tively, we propose a self-supervised contrastive learning method
that aligns the textual and the visual modalities of items. After
obtaining the multi-modal representations for users and items, we
employ a binary cross-entropy loss function to capture the potential
correlation between them.

The contributions of this work can be summarized as follows:

• We propose a novel multi-modal contrastive pre-training
method to fully exploit the multimodality side information
of users and items. And then fine-tune the pre-trained multi-
modal representations by an existing recommendationmodel.

• We propose intra-modal aggregation and inter-modal aggre-
gation to fuse various modalities information and employ
an alignment task based on contrastive learning for items’
textual and visual modality.

• We conduct extensive experiments on three real-world datasets.
The experimental results demonstrate the rationality and
effectiveness of our method.

2 RELATEDWORK
Multi-modal representation learning is one of the most critical
problems inmulti-modal applications [15]. In this section, we briefly
review several lines of works closely related to ours, includingmulti-
modal representation and multi-modal for recommendation.

Multi-modal representation. The existing multi-modal rep-
resentation model can be divided into two categories: joint and
coordinated [1]. Joint representations combine the various single-
modal information into the same representation space. Recently,
neural networks are increasingly used in the multi-modal domain
[3, 25, 33], which can fuse the different modalities information into
a joint representation. Besides, the probabilistic graphical models
are another popular way to construct joint representations through
the use of latent random variables [10, 20]. Different from joint
representations, the coordinated ones learn different representa-
tions for each modality but coordinate them with constraints. For
example, [16, 30] applies similarity models to minimize the distance
betweenmodalities in the coordinated space. In addition, structured,
coordinated space models are employed to enforce additional con-
straints between the modality representations [2, 23, 26]. The type
of structure enforcement is often applied with different constraints
for cross-modal retrieval and image captioning.

Multi-modal for recommendation. In the field of recom-
mender systems, massive multimedia content information of items
is considered to improve recommendation performance. For exam-
ple, VBPR [6] extends matrix factorization by incorporating visual
features from pretrained convolutional neural networks (CNN).
Visual-CLiMF [19] enhances VBPR by learning the approximate re-
ciprocal rank instead of pairwise rank in the optimization. MMGCN
[29] constructs a user-item bipartite graph in each modality and
conducts graph convolutional operations, to better capture the
modal-specific user preference. Following MMGCN, GRCN [28]
focuses on adaptively refining the structure of the interaction graph
to distill informative signals on user preference. The above meth-
ods take multimodal features as side information to integrate into
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recommendation models. Recently, some multimodal pre-training
methods based on graph neural networks have been proposed for
recommendation. GPT-GNN [8] introduces a self-supervised at-
tributed graph generation task, including attribute generation and
edge generation, to pre-train a graph neural network so that it can
capture the structural and semantic properties of the graph. [14]
proposes two pre-training models based on graph convolutional
networks, named GCN-P and COM-P, by considering the users’ and
items’ side information to construct two single-relational graphs
and multi-relational graphs. And then, the pre-trained model is
deployed to fine-tune and enhance existing general representation-
based recommender systems. Graph-BERT [31] applies transformer
to learn node representations based on two tasks: graph structure
reconstruction and node feature reconstruction. However, it ig-
nores the masking operations on the nodes, which may limit the
ability to aggregate the features of different nodes. To address this
problem, PMGT [12] designs a masked node feature reconstruc-
tion task, which aims to reconstruct the features of masked nodes
by other non-masked nodes so that it improves the recommenda-
tion performance. Unlike these existing methods, our proposed
multi-modal contrastive pre-training method aims to integrate the
multi-modalities information both on the user side and item side,
capture modality-specific features and aggregate cross-modality
information from both users and items.

3 METHODOLOGY
In this section, we first describe some preliminaries that will be
used in this paper and then introduce our method in detail.

3.1 Preliminaries
Let U = {𝑢1, 𝑢2, · · · , 𝑢 |U |} and I = {𝑖1, 𝑖2, · · · , 𝑖 |I |} be the sets
of users and items respectively, where |U| is the number of users,
and |I | is the number of items. R ∈ {0, 1} |U |×|I | is the user-item
implicit feedback matrix. We assume that G = {(𝑢, 𝑖) |𝑢 ∈ U, 𝑖 ∈ I}
is the undirected user-item interaction graph. An edge 𝑦𝑢𝑖 = 1 indi-
cates an observed interaction between user 𝑢 and item 𝑖; otherwise
𝑦𝑢𝑖 = 0. Beyond the interactions, we have multiple modalities for
each node. For users, we consider the review texts on the items they
have interacted with. For items, we consider the description text
and image. We denote the modality features of user 𝑢 as e𝑚𝑢 ∈ R𝑑𝑚𝑢 ,
the modality features of item 𝑖 as e𝑚

𝑖
∈ R𝑑𝑚𝑖 , where 𝑑𝑚𝑢 and 𝑑𝑚

𝑖
de-

note the dimension of the features,𝑚 ∈ M is the modality, and M
is the set of modalities. In addition, we construct two homogeneous
graphs G𝑢 and G𝑖 based on their co-interact relationships (such as
co-clicks or co-purchase) to capture the structural information. The
purpose of our proposed pre-training model is to obtain the repre-
sentations of users and items that can capture the multimodality
information and the graph structure. Then, the learned representa-
tions can be fine-tuned in the downstream recommendation tasks.

3.2 An Overview of the Proposed Model
The overall architecture of our proposed framework is illustrated
in Figure 2. Observe that our method contains two processes: pre-
training and fine-tuning. In the pre-training stage, we propose a
multi-modal contrastive representation model based on both side
information and the implicit feedback matrix R. Specifically, our

proposed pre-training model contains two components: user model-
ing and item modeling. In the component of user modeling, we first
employ a text encoder to get each review text’s representation and
then use intra-modal aggregation to obtain the user’s review em-
bedding. Next, a graph encoder is applied to capture the structural
information of the homogeneous graph G𝑢 . For these two different
modalities information, we develop inter-modal aggregation to ob-
tain the multi-modal representation of the user. In item modeling,
we utilize text encoder, image encoder, and graph encoder to encode
the description text, image, and homogeneous graph G𝑖 of each
item. Then, we apply inter-modal aggregation to obtain a multi-
modal representation of the item. In addition, since the description
text and image information complement each other for the same
item, they have similar semantics. We develop a self-supervised
contrastive learning method to align the representations between
them. Finally, according to [14], we employ a binary cross-entropy
loss function based on the feedback matrix R to capture the poten-
tial correlation of the target user𝑢 and its corresponding target item
𝑖 . In the fine-tuning process, an existing recommendation model
leverages the pre-trained user/item embeddings as initialization
and fine-tunes these embeddings based on the feedback matrix R
only.

3.3 User Modeling
User modeling aims to learn multi-modal user latent factors, de-
noted as e𝑢 ∈ R𝑑 for user𝑢, where 𝑑 is the length of the embedding
vector. The challenge is how to fuse information from multiple
modalities inherently. In this paper, we consider two modalities
for each user, i.e., review texts and the homogeneous graph G𝑢 .
To address this challenge, we first apply two encoders to encode
each modality into latent representations and then employ two
types of aggregation to learn users’ multi-modal representation,
i.e., intra-modal aggregation and inter-modal aggregation. Next, we
will introduce each component in detail.

Multi-modal Encoder. To obtain the review representations,
we utilize the pre-trained Transformer [22] with the architecture
modifications described in [18] to extract the features of each review
text. Each review text sequence is bracketed with [SOS] and [EOS]
tokens. Furthermore, we take the activations of the last layer of
the transformer at the [EOS] token as the feature representation of
each review text which is layer normalized.

As for the graphmodality, we first construct a homogeneous user
graph G𝑢 based on the user-item interactions. Specifically, if two
users have commonly interacted items, we build an edge between
these two users. Let 𝑆𝑢 denote the set of items which the user 𝑢 has
interacted with, then the user graph can be formally formulated as
G𝑢 = {(𝑢𝑖 , 𝑢 𝑗 ) |𝑢𝑖 ∈ U, 𝑢 𝑗 ∈ U, and 𝑆𝑢𝑖 ∩ 𝑆𝑢 𝑗

≠ ∅}.
To capture the structural information of the user graph G𝑢 , we

consider the LightGCN [7] model as graph encoder. It is the light
version of GCN, including only the most essential component in
GCN - neighborhood aggregation. Let 𝐿 denotes the number of
GCN layers, N𝑢 denotes the neighborhood of node 𝑢, then the
graph convolution operation in LightGCN is defined as:

e(𝑙+1)𝑢 =
∑︁

𝑢′∈N𝑢

1√︁
|N𝑢 |

e(𝑙)
𝑢′ , (1)
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Figure 2: The overall architecture of the proposed framework.

where 𝑙 is the index of GCN layers, 1√
|N𝑢 |

is the normalization

term. After 𝐿 layers LightGCN, we further combine the embeddings
obtained at each layer to form the final representation of a node in
the user graph:

e∗𝑢 =
1

𝐿 + 1

𝐿∑︁
𝑙=0

e(𝑙)𝑢 , (2)

where e(0)𝑢 is the embedding at the 0-th layer, which is the trainable
model parameters and denotes the graph modality information.

Intra-modal Aggregation. For each user, there will be several
items that they have interacted with. For each interacted item, there
will be a piece of review text. Here, we assume that a user𝑢 interacts
with 𝑘 items {𝑖1, 𝑖2, · · · , 𝑖𝑘 } and define the corresponding review
texts as {𝑟1, 𝑟2, · · · , 𝑟𝑘 }. We can obtain the representation of each
review text by the text encoder, which leads to:

eri = 𝑓𝑡𝑒𝑥𝑡_𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (𝑟𝑖 ), 𝑖 ∈ {1, 2, · · · , 𝑘} (3)

where eri is the representation of review 𝑟𝑖 .
To get the text modality representation for user 𝑢, we need to

aggregate all the user 𝑢’s review representations {er1 , er2 , · · · , erk },
we define it as intra-modal aggregation. Specifically, it can be ab-
stracted as:

e1𝑢 = 𝐴𝐺𝐺
(
eri , 𝑖 ∈ {1, 2, · · · , 𝑘}

)
. (4)

The AGG is an aggregation function. Many operators can be used,
such as max aggregator, weighted sum aggregator, LSTM aggrega-
tor, bilinear interaction aggregator, etc. In this paper, we employ the

average pooling operation on these representations. It assumes that
different reviews have the same contributions to the text modality
representation for e1𝑢 . In our experiments, we find that this operator
can lead to good performance in general. Thus we do not design
a special component to optimize the AGG function. We leave the
analysis of fine-grained sentiment of the reviews as future work.

Inter-modal Aggregation. By intra-modal aggregation, we
obtain the text modality representation e1𝑢 for user 𝑢. Similarly, we
can get the graph modality representation by the graph encoder:

e2𝑢 = 𝑓𝑔𝑟𝑎𝑝ℎ_𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (G𝑢 ) (5)

In addition, in order to obtain the multi-modal representation for
user 𝑢, we have to aggregate these two modality representations
e1𝑢 and e2𝑢 . We define it as inter-modal aggregation. Moreover, dif-
ferent modalities’ representations usually lie in different spaces.
So, we need to project all modality representations into a com-
mon latent vector space. Specifically, for modality 𝑚, we design
a modal-specific mapping matrixW𝑢𝑚 ∈ R𝑑𝑚𝑢 ×𝑑 to transform its
representation e𝑚𝑢 into common space as follows:

e′𝑚𝑢 = W⊤
𝑢𝑚 · e𝑚𝑢 + b𝑚𝑢 , 𝑚 ∈ {1, 2}, (6)

where e′𝑚𝑢 is the projected feature of modality𝑚 for user 𝑢, b𝑚𝑢 ∈
R𝑑×1 denotes as vector bias. Next, we employ an attention mecha-
nism to aggregate messages from different modalities:

e𝑢 =
∑︁

𝑚∈{1,2}
𝛼𝑚𝑢 · e′𝑚𝑢 , (7)
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where 𝛼𝑚 denotes the attention value of modality 𝑚. It can be
calculated as follows:

𝛼𝑚𝑢 =
𝑒𝑥𝑝

(
𝑅𝑒𝐿𝑈

(
a⊤𝑢 · e′𝑚𝑢

) )∑
𝑗 ∈{1,2} 𝑒𝑥𝑝

(
𝑅𝑒𝐿𝑈

(
a⊤𝑢 · e′ 𝑗𝑢

)) , (8)

where au ∈ R𝑑×1 is the attention vector for users.

3.4 Item Modeling
As shown in the below part of Figure 2 in the pre-training stage,
item modeling is used to learn multi-modal item latent factors,
denoted as e𝑖 ∈ R𝑑 for item 𝑖 . In this paper, items are associated
with three modalities, which contain description text, image, and
homogeneous graph G𝑖 . Similarly, we first apply three encoders
to obtain the corresponding modality representations and then
fuse these modalities by inter-modal aggregation. In addition, we
develop a self-supervised contrastive learning method to align the
textual modality and visual modality.

Multi-modal Encoder. Similar to user modeling, we also select
the pre-trained Transformer and LightGCN to encode an item 𝑖’s
description text and homogeneous graph G𝑖 , respectively:

e1𝑖 = 𝑓𝑡𝑒𝑥𝑡_𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (𝑡), e3𝑖 = 𝑓𝑔𝑟𝑎𝑝ℎ_𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (G𝑖 ) (9)

where 𝑡 is the item 𝑖’s description text, e1
𝑖
denotes the item 𝑖’s textual

modality representation, e3
𝑖
denotes graph modality representation.

And the construction way of G𝑖 is similar to that of G𝑢 . Namely,
G𝑖 = {(𝑖𝑎, 𝑖𝑏 ) |𝑖𝑎 ∈ I, 𝑖𝑏 ∈ I, and 𝑆𝑖𝑎 ∩𝑆𝑖𝑏 ≠ ∅}, where 𝑆𝑖 denotes
the set of users that interact with item 𝑖 .

To extract the features of the image, we consider CLIP [17] as
the visual encoder, whose parameters are pre-trained based on the
dataset of 400 million (image, text) pairs collected by [17]. Formally,
the representation of visual modality for item 𝑖 can be defined as:

e2𝑖 = 𝑓𝑖𝑚𝑎𝑔𝑒_𝑒𝑛𝑐𝑜𝑑𝑒𝑟 (𝑖𝑚𝑔), (10)

where 𝑖𝑚𝑔 denotes item 𝑖’s image information.
Contrastive Inter-modal Alignment. Since the item 𝑖’s de-

scription text and image refer to similar content, and they are
different ways to describe the item 𝑖 , one of them can be used as
promising supervision for the other, so we make these two modal-
ity representations as similar as possible. Moreover, we develop a
self-supervised contrastive inter-modal alignment (CIMA) task to
align these two representations. It is worth noting that we ignore
the graph modality in this task since it aims to capture the local
graph structure and needs to consider the item 𝑖’s neighborhoods.
They have different semantics in the embedding space.

The contrastive inter-modal alignment task aims to make e1
𝑖

and e2
𝑖
close to each other in the learned embedding space if they

are from the same item, otherwise far away. Given a batch of 𝑁
items, we can obtain 𝑁 (text, image) pairs, CIMA is trained to
predict which of the 𝑁 × 𝑁 possible (text, image) pairings across
a batch actually occurred. To do this, CIMA aims to maximize the
cosine similarity of e1

𝑖
and e2

𝑖
of the 𝑁 real pairs in the batch while

minimizing the other 𝑁 2 − 𝑁 incorrect pairings. We optimize a

cross-entropy loss over these similarity scores.

L1 = −
∑︁

𝐶𝑝,𝑞 ∈C
𝐶𝑝,𝑞 log 𝑠

(
e1𝑖𝑝 , e

2
𝑖𝑞

)
+
(
1 −𝐶𝑝,𝑞

)
log

(
1 − 𝑠

(
e1𝑖𝑝 , e

2
𝑖𝑞

))
,

(11)
where C ∈ R𝑁×𝑁 is a diagonal matrix, 𝑝, 𝑞 is the index of C, if
𝑝 = 𝑞, 𝐶𝑝,𝑞 = 1, otherwise, 𝐶𝑝,𝑞 = 0. 𝑠

(
e1
𝑖𝑝
, e2

𝑖𝑞

)
is the scaled

pairwise cosine similarity function, namely, 𝑠
(
e1
𝑖𝑝
, e2

𝑖𝑞

)
= e1

𝑖𝑝
·

e2
𝑖𝑞
/(𝜏 · ∥e1

𝑖𝑝
∥∥e2

𝑖𝑝
∥), 𝜏 denotes a temperature parameter.

Inter-modal aggregation. By multi-modal encoder, we can
obtain three modality representations e1

𝑖
, e2

𝑖
, e3

𝑖
for item 𝑖 . We also

apply inter-modal aggregation to obtain the multi-modal represen-
tation e𝑖 . Similar to user modeling, we first design a modal-specific
mapping matrixW𝑖𝑚 ∈ R𝑑𝑚𝑖 ×𝑑 to transform each modality repre-
sentation into common space as follows:

e′𝑚𝑖 = W⊤
𝑖𝑚 · e𝑚𝑖 + b𝑚𝑖 , 𝑚 ∈ {1, 2, 3}, (12)

where e′𝑚𝑖 is the projected feature of modality𝑚 for item 𝑖 , b𝑚
𝑖

∈
R𝑑×1 is the bias vector. Then, we apply attention mechanism to
aggregate different modalities:

e𝑖 =
∑︁

𝑚∈{1,2,3}
𝛼𝑚𝑖 · e′𝑚𝑖 , (13)

where 𝛼𝑚
𝑖

is the attention score of modality𝑚. It can be calculated
as follows:

𝛼𝑚𝑖 =
𝑒𝑥𝑝

(
𝑅𝑒𝐿𝑈

(
a⊤
𝑖
· e′𝑚𝑖

) )∑
𝑗 ∈{1,2,3} 𝑒𝑥𝑝

(
𝑅𝑒𝐿𝑈

(
a⊤
𝑖
· e′ 𝑗

𝑖

)) , (14)

where ai ∈ R𝑑×1 is the attention vector for items.

3.5 Model Optimization
So far, we have obtained a multi-modal representation for each
user and item. To make representations that capture the potential
correlation between users and their interacted items, according to
[14], we apply a binary cross-entropy (BCE) loss function to make
the target user 𝑢 and the target item 𝑖 as similar as possible:

L2 = −
∑︁

𝑅𝑖,𝑗 ∈R
𝑅𝑖, 𝑗 · log𝑅𝑖, 𝑗 +

(
1 − 𝑅𝑖, 𝑗

)
· log

(
1 − 𝑅𝑖, 𝑗

)
, (15)

where 𝑅𝑖, 𝑗 is the predicted score, which is calculated by the embed-
ding dot product 𝑅𝑖, 𝑗 = e⊤𝑢 e𝑖 .

To effectively learn the parameters in the pre-training stage, we
need to specify an overall objective function. In this paper, we have
formulated two components of the loss function: L1 aims to align
the items’ textual representation and visual representation. L2 is
to capture the correlation between the target user and target item.
We form a linear combination of the two components to obtain a
joint loss function. That leads to

L = 𝜆 · L1 + (1 − 𝜆) · L2, (16)

where 𝜆 is a coefficient that balances between the two losses. We
employ Adam [11] as the optimizer. Its main advantage is that the
learning rate can be self-adaptive during the training phase, which
eases the pain of choosing a proper learning rate.
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3.6 Fine-tuning with Existing Recommendation
Model

Most of the existing recommendation models randomly initialize
the embedding of users and items from a uniform distribution [24],
or the Xavier distribution [7, 27], etc. However, this initialization
method lacks prior knowledge, which leads to the instability of
the model [14], falls into the locally-optimal solutions, and then
deteriorates the recommendation performance. To address this
issue, we propose to initialize the users’ and items’ embeddings
from the output of our pre-training model. Then we further fine-
tune these embeddings with the recommendation model’s own
parameter optimizer. Specifically, we first apply our proposed pre-
training model to obtain the multimodal representation of users and
items, and then feed them to the existing recommendation model
as the parameter initialization. In this paper, we select LightGCN
based on MixGCF [9] to further fine-tune these embeddings with
the interactions R only, which is the state-of-the-art GNN-based
recommendation model.

4 EXPERIMENTS
In this section, we conduct experiments to evaluate the performance
of our proposed model on three public datasets. Specifically, we
aim to answer the following research questions:

• RQ1: How does our model perform compared with the state-
of-the-art pre-training methods, such as PMGT, GCN-P, etc.?

• RQ2: What is the contribution of various modalities (e.g.,
textual, visual, and graph structural) to the overall perfor-
mance?

• RQ3: How do different training objectives L1 and L2 influ-
ence the recommendation performance?

• RQ4: How robust is our pre-training model with respect to
different loss weights 𝛽?

4.1 Experimental Settings
4.1.1 Datasets. To evaluation the effectiveness of our proposed
pre-training models, we conduct experiments on three real-world
datasets: Amazon (include "Video Games" and "Toys and Games"),
Sharee. These datasets vary significantly in their domains, size, and
sparsity. A detailed description can be found in Appendix A.

For each dataset, we randomly select 80% of the historical in-
teractions of each user and assign them to the training set. The
remainder comprises the test set. The statistics of the processed
datasets are summarized in Table 1. We build the item graph and
user graph based on users’ interactions in the training set. That is,
to build item graph, if two items 𝑖1 and 𝑖2 interacted by the common
user, we construct an edge between 𝑖1 and 𝑖2. Similarly, to build the
user graph, if two users 𝑢1 and 𝑢2 have interacted with the same
item, we construct an edge between 𝑢1 and 𝑢2.

4.1.2 Evaluation Protocols. To evaluate the quality of the recom-
mendation models, we adopt two widely-used ranking-based met-
rics: Recall@𝑘 and NDCG@𝑘 , which are computed by the all-
ranking protocol - all items that are not interacted by a user are the
candidates. Specifically, Recall@𝑘 measures the average number of
items that the users interact with that are ranked among the top-𝑘
ranking list. Moreover, NDCG@𝑘 considers the hit position of the

Table 1: Statistics of the datasets.

Dataset #Users #Items #Interactions Sparsity

VG 55217 17389 472586 99.95%
TG 208143 78698 1754420 99.99%

Sharee 43719 34654 500000 99.97%

items and gives a higher score if the hit items are in the top positions.
In this work, we report Recall and NDCG with 𝑘 = 20, 40, 60. For
all these metrics, the higher the value, the better the performance.

4.1.3 BaselineMethods. To verify the effectiveness of our proposed
pre-trainingmodel, we compare it with the following representative
baseline methods: Random, CLIP [17],MMGCN [29], GPT-GNN
[8], Graph-BERT [31], PMGT [12], and GCN-P [14]. A short
description of all baselines is given in Appendix B.

4.1.4 Implementation Details. In the experiments, we first pre-train
the embeddings for users and items on the training set, and then fine-
tune them in the recommendation model. In the pre-training stage,
we set the dimensionality of the review text and graph modalities
𝑑1𝑢 and 𝑑2𝑢 as 512, 64, respectively, for users. For items, we set the
textual, visual, and graph modalities’ dimension 𝑑1

𝑖
, 𝑑2

𝑖
and 𝑑3

𝑖
to

512, 512, and 64, respectively. Moreover, the dimensionality of multi-
modal representation 𝑑 is set to 64. For graph modality, the number
of LightGCN layers 𝐿 is set to 2, and we use Xavier initializer [4] to
initialize the graph-specific user/item embeddings. We fix the batch
size to 2048 for all baselines and our method. Grid search is applied
to choose the learning rate and the loss weight 𝜆 over the ranges
{10−4, 10−3, 10−2} and {0.2, 0.4, 0.6, 0.8}. In most cases, the optimal
values are 10−3 and 0.2, respectively. The temperature parameter
𝜏 is set to 0.1. In the fine-tuning process, we set the batch size to
2048 for LightGCN, the candidate size 𝑀 in MixGCF is set to 64.
We train 1000 epochs for the recommendation model to converge.
All other hyper-parameters are set according to the suggestions
from the settings specified in the original publications.

4.2 Performance Comparison (RQ1)
To evaluate the effectiveness of our proposed multi-modal con-
trastive pre-training method, we take the pre-trained user and item
representations as initialization to train the LightGCN based on
MixGCF recommendation model. Table 2 summarizes the best re-
sults of all considered baselines on the three datasets. We have the
following observations:

The random initialization method shows the worst performance
on three datasets. This indicates it lacks prior knowledge and can
not well guide the recommendation model to converge to the local
optimal value, further limiting the performance. Compared with the
random initialization, initializing the recommendation model with
pre-trained representations usually achieves better performance.
This demonstrates that the pre-training strategies can provide more
refined representations for each user and item in the downstream
recommendation task, further improving the performance.

CLIP is a text-image pair pre-training model that captures text
and image correlation by an alignment task.We can find that textual
and visual information can effectively improve the recommendation
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Table 2: A comparison of the overall performance among all considered baselines on three datasets.

Datasets Metrics Random CLIP MMGCN GPT-GNN Graph-BERT PMGT GCN-P OURS

VG

Recall@20 0.1571 0.1712 0.1703 0.1659 0.1696 0.1718 0.1916 0.1939
Recall@40 0.2300 0.2470 0.2441 0.2404 0.2446 0.2490 0.2663 0.2712
Recall@60 0.2827 0.3015 0.2950 0.2918 0.2961 0.3018 0.3161 0.3228
NDCG@20 0.0743 0.0814 0.0823 0.0789 0.0811 0.0814 0.0954 0.0957
NDCG@40 0.0904 0.0983 0.0987 0.0955 0.0977 0.0988 0.1120 0.1130
NDCG@60 0.1006 0.1088 0.1086 0.1054 0.1077 0.1090 0.1217 0.1230

TG

Recall@20 0.0876 0.0967 0.0966 0.0931 0.1034 0.1024 0.1025 0.1067
Recall@40 0.1233 0.1347 0.1347 0.1301 0.1392 0.1423 0.1374 0.1450
Recall@60 0.1478 0.1616 0.1615 0.1560 0.1622 0.1693 0.1611 0.1712
NDCG@20 0.0433 0.0475 0.0475 0.0458 0.0530 0.0509 0.0529 0.0534
NDCG@40 0.0512 0.0560 0.0559 0.0540 0.0612 0.0597 0.0607 0.0619
NDCG@60 0.0559 0.0611 0.0611 0.0589 0.0659 0.0649 0.0653 0.0670

Sharee

Recall@20 0.1059 0.1135 0.1106 0.1090 0.1074 0.1077 0.1382 0.1392
Recall@40 0.1685 0.1762 0.1724 0.1706 0.1684 0.1711 0.2090 0.2106
Recall@60 0.2157 0.2266 0.2208 0.2192 0.2156 0.2160 0.2586 0.2627
NDCG@20 0.0533 0.0572 0.0557 0.0550 0.0535 0.0538 0.0719 0.0723
NDCG@40 0.0694 0.0735 0.0716 0.0712 0.0693 0.0701 0.0903 0.0908
NDCG@60 0.0800 0.0848 0.0826 0.0819 0.0800 0.0804 0.1017 0.1027

performance. In comparison, MMGCN constructs modal-specific
user-item bipartite graphs to obtain users’ and items’ multi-modal
representations. However, it slightly underperforms CLIP. One po-
tential reason is that in our three datasets, the text and image of the
same item are more similar. We should make their representations
as close as possible instead of dividing modalities.

GPT-GNN, Graph-BERT, and PMGT are three GNN-based deep
pre-trainingmethods, and they employ GNN to aggregate the neigh-
bor information in the homogeneous item graph, which can obtain a
better representation for each item. Specifically, PMGT outperforms
GPT-GNN and Graph-BERT in most cases. This demonstrates the
effectiveness of PMGT in exploiting the item graph structure and
item features. GCN-P is the state-of-the-art pre-training model for
recommendation, which outperforms all other consider baselines.

Our proposed method consistently yields the best performance
on all three datasets for various metrics. In particular, our method
improves over the strongest baselines GCN-P w.r.t. Recall@20, Re-
call@40, and Recall@60 by 4.10%, 5.53%, and 6.27% in TG, respec-
tively. By intra-modal aggregation, inter-modal aggregation, and
aligning the textual modality and visual modality for items, our
method is capable of capturing multiple modalities for users and
items. In contrast, GCN-P ignores the alignment and multi-modal
aggregation tasks. This indicates that multi-modalities information
is critical for improving the recommendation performance.

4.3 Effect of Modalities (RQ2)
To explore the effects of different modalities, we compare the exper-
imental results on different modalities over all the three datasets, as
shown in Figure 3. It shows the performance in terms of Recall@20
and NDCG@20 for our method. It is noted that the Sharee dataset
does not have review text for users, so we only compare the other
three modalities.

We observe that the method with multi-modal information out-
performs the variants that only consider single modality informa-
tion on all three datasets. In addition, the performance with respect
to NDCG@20 has a similar trend as Recall@20. The graph modality
is the most effective among the other modalities. It makes sense
since graph modality information can well capture the potential
interaction between users and items and better reflect user pref-
erences. Compared with the visual modality, the textual modality
provides more critical information for recommendation on VG and
TG datasets. This is reasonable since they are product datasets, the
textual description highly related to the products and more detailed
than visual modality. However, for the micro-video dataset - Sharee,
the visual modality offers important cues than the textual modality
since the texts are of low quality. That is, the descriptions are noisy,
incomplete, and even irrelevant to the micro-video content. This
indicates that different modalities have different effects on different
datasets. In general, multi-modal representations can lead to better
recommendation performance.
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Figure 3: Performance of our proposed pre-training model
considering differentmodality information on three datasets.
R denotes the reviews information for users. T, V denotes the
textual and visual modality information for items. G denotes
the graph modality information. O denotes original model
considering all the modality information.
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4.4 Ablation Study (RQ3)
In the proposed pre-training method, we mainly design two objec-
tives for learning the representations of all the users and items. We
now check whether the recommendation performance improve-
ments are actually the result of these two components. To answer
RQ3, we conduct an ablation study to analyze their impacts. Table
3 shows the performance each variant on all the three datasets in
terms of various metrics. The percentages in the subscript brack-
ets indicate the relative decline of each variant compared to our
complete pre-training method.

Table 3: Results of ablation studies. "w/o CIMA" indicates
training the model without L1. "w/o BCE" indicates training
the model without L2.

Datasets Metrics w/o CIMA w/o BCE

VG

Recall@20 0.1898(−2.11%) 0.1729(−10.83%)
Recall@40 0.2671(−1.51%) 0.2499(−7.85%)
Recall@60 0.3181(−1.46%) 0.3022(−6.38%)
NDCG@20 0.0922(−3.66%) 0.0821(−14.21%)
NDCG@40 0.1094(−3.19%) 0.0992(−12.21%)
NDCG@60 0.1193(−3.01%) 0.1093(−11.14%)

TG

Recall@20 0.1051(−1.50%) 0.0974(−8.72%)
Recall@40 0.1431(−1.31%) 0.1367(−5.72%)
Recall@60 0.1695(−0.99%) 0.1637(−4.38%)
NDCG@20 0.0525(−1.69%) 0.0477(−10.61%)
NDCG@40 0.0610(−1.45%) 0.0564(−8.89%)
NDCG@60 0.0662(−1.19%) 0.0616(−8.06%)

Sharee

Recall@20 0.1316(−5.46%) 0.1143(−17.89%)
Recall@40 0.2020(−4.08%) 0.1805(−14.29%)
Recall@60 0.2535(−3.50%) 0.2274(−13.44%)
NDCG@20 0.0678(−6.22%) 0.0576(−20.33%)
NDCG@40 0.0861(−5.18%) 0.0746(−17.84%)
NDCG@60 0.0979(−4.67%) 0.0854(−16.85%)

The most obvious observation from Table 3 is that no matter
which component we remove, it will degrade the recommendation
performance to varying degrees. It indicates that these two compo-
nents can capture different information for users and items from
different perspectives, which has a positive effect on the improve-
ment of recommendation performance. In particular, when we train
themodel withoutL2, the performance degradation is more serious;
the relative declines are 14.21%, 10.61%, and 20.33% with respect to
NDCG@20 on the datasets of VG, TG, and Sharee, respectively. This
shows that compared with the contrastive inter-modal alignment
task, effectively capturing the potential correlations between users
and items is of more positive significance to the improvement of
recommendation performance. On the other hand, with the increase
of 𝑘 , the degrading range of Recall@𝑘 and NDCG@𝑘 is smaller,
which shows that our method is more sensitive to small 𝑘 .

4.5 Parameter Sensitivity Analysis (RQ4)
In this subsection, we examine the robustness with respect to the
influential hyper-parameter: loss weight 𝛽 . We analyze the loss
weight 𝛽 by fixing the remaining hyper-parameters at their optimal
value.
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Figure 4: Performance of our method w.r.t. different loss
weights 𝛽 on three datasets.

Figure 4 shows the Recall@20 and NDCG@20 for our proposed
method with the loss weight 𝛽 varying from 0 to 1 by step 0.2.
Especially, for 𝛽 = 0, there will be no L1, for 𝛽 = 1, no L2. The
most obvious observation from Figure 4 is that the Recall@20 and
NDCG@20 have the same trend as 𝛽 increases: They both increase
steadily up to specific high values of 𝛽 . If we continue to increase
𝛽 further, the performance begins to drop. This shows that we can
obtain better performance by selecting 𝛽 in an appropriate interval.
These two loss functions promote each other. No matter which loss
is considered only, the optimal recommendation performance can
not be obtained. Specifically, we can obtain the best performance
when setting 𝛽 to 0.8, 0.4, 0.6 on VG, TG, and Sharee datasets,
respectively.

5 CONCLUSIONS
In this paper, we introduced a multi-modal contrastive pre-training
method for recommendation. In particular, we first constructed a
homogeneous user graph and item graph based on the relationship
of co-interaction. Then, we applied different encoders to encode
different modalities. For users, we employed intra-modal aggrega-
tion to obtain the representations of review texts and then utilized
inter-modal aggregation to obtain the users’ multi-modal represen-
tations. For items, we proposed a contrastive inter-modal alignment
task to make the representations of textual and visual modalities
as similar as possible, and then employed inter-modal aggregation
to obtain the items’ multi-modal representations. Finally, we ap-
plied a binary cross-entropy loss to capture the correlation between
users and items. We fine-tuned the pre-trained multi-modal repre-
sentations by an existing recommendation model. The superiority
of the proposed method has been validated on three real-world
datasets. Specifically, our method improves over the strongest base-
lines GCN-P w.r.t. Recall@20, Recall@40, and Recall@60 by 4.10%,
5.53%, and 6.27% in TG, respectively. Further analyses are provided
towards the rationality of each designed component, modalities,
and the robustness of influential hyper-parameter.
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A DATASETS
We conduct experiments on the following three real-world datasets:

• Amazon Datasets: This is a set of product review datasets
crawled from Amazon.com, which are widely used for prod-
uct recommendation[5]. They are split into separate datasets
according to the top-level product categories on Amazon.
In this work, we adopt the following 5-core review subsets
for studying the item recommendation, such that each of
the remaining users and items has five reviews each, i.e.,
"Video Games" and "Toys and Games" (short for VG and TG,
respectively). The metadata of a product includes its text
description and the URL of its image1, which are used to
extract the textual and visual features of the product, respec-
tively. For each user, we utilize the review texts to initialize
its features. Following [12], we convert all the observed re-
view ratings to be positive interactions and filter out the
products that are not included in the metadata files.

• Sharee Dataset: Sharee (now renamed Lemon8) is a stream
of interest information under ByteDance for the Japanese
market, which is a benchmark for the Japanese version of
Xiaohongshu. It has three first-level menus: homepage, re-
lease, and personal homepage. Users can find the content
they are interested in on the homepage. We take the content
clicked by the user as the positive interactions, its title, and
cover image are used to extract the textual and visual fea-
tures. We select user interaction data for 30 days from July
1, 2021, to July 30, 2021, filter out users and items with less
than 10 interactions, and randomly sample 500000 pieces of
interaction data as our Sharee dataset.

1https://nijianmo.github.io/amazon/index.html
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B BASELINES
To verify the effectiveness of our proposed pre-training model, we
compare it with the following representative baseline methods:

• Random: The user and item embeddings are randomly ini-
tialized for the recommendation model.

• CLIP [17] is a pre-training model based on image-text pairs,
which jointly trains an image encoder and text encoder to
maximize the cosine similarity if the image and text embed-
dings of all the real pairs. In this paper, we construct an
image-text pair for each item, then utilize CLIP to obtain the
image and text embeddings, and employ the average pooling
operation to initialize the items.

• MMGCN [29] is a multi-modal graph convolution network
framework, which can yield modal-specific representations
of users and items to capture user preferences better.

• GPT-GNN [8] employs the attribute generation and edge
generation tasks to pre-train the graph neural networkmodel,

which can capture the inherent dependency between node
attributes and graph structure during the generative process.

• Graph-BERT [31] applies graph-transformer to pre-train
the graph neural network model based on the node attribute
reconstruction and graph structure recovery tasks. However,
it does not employ masking operations on the nodes.

• PMGT [12] is a pre-trained multi-modal graph transformer
model, which learns item representations by considering
both item side information and their relationships. Different
from Graph-BERT, it designs a masked node feature recon-
struction task to obtain more refined embeddings.

• GCN-P [14] constructs user-user graph and item-item graph
from the users’ and items’ side information, respectively, to
pre-train node representations by using graph convolutional
networks. And then fine-tune them using an existing general
representation-based recommendation model.
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