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ABSTRACT

Recommender systems have become an essential component of various online plat-
forms, providing personalized recommendations to users. Collaborative filtering-
based methods, such as matrix factorization, have been widely used to capture
latent user-item preferences. Recently, graph-based methods have shown promising
results by modeling the interactions between users and items as a graph and lever-
aging knowledge graphs (KG) to learn the user and item embeddings. Motivated
by the recent success of contrastive learning in mining supervised signals from data
itself, in this paper, we focus on establishing a noisy contrastive learning framework
in Knowledge-aware recommendation systems and propose a self-supervised novel
noisy multi-view contrastive learning framework for improving top-K recommen-
dation. In this paper, we propose a novel recommendation system architecture that
generates three different views of user-item interactions for improved recommenda-
tion along with a noise addition module. The global-level structural view leverages
attention-based aggregation network Wang et al. (2019d) to capture collaborative
information in the entity-item-user graph. In the item-item semantic view, we
use a K-nearest Neighbour item-item semantic module to incorporate semantic
relations among items. In the local view, we apply LightGCN He et al. (2020)
with noisy perturbations to generate robust user-item representations. We then use
two more signals such as representation loss and uniformity loss in positive pairs
to improve the quality of the representations and ensure uniform representations
in the representational space. Experimental results on two benchmark datasets
demonstrate that our proposed method achieves superior performance compared
to state-of-the-art methods. Additionally, we conducted extensive experiments
on CTR task-based datasets to demonstrate the robustness of our framework’s
generalization in learning better user-item representations which can be seen in the
supplementary material. All the codes to generate reproducible results are available
in this anonymous repository1

1 INTRODUCTION

Recommender systems are instrumental in aiding users to unearth items of interest across various
domains like e-commerce, social networking, and online advertising. Traditional approaches such
as collaborative filtering (CF) Lian et al. (2018); He et al. (2017); Liu et al. (2014) mainly rely
on historical user behavior data, like user-item interactions, to extract collaborative signals for
recommendation. However, these methods often treat each interaction as an isolated instance,
neglecting the inherent relations among them, leading to suboptimal performance in sparse data
scenarios.

To mitigate these issues, integrating auxiliary information like knowledge graphs (KG) Wang et al.
(2019d), which encapsulate rich factual data and connections about items, has been a prevalent
strategy. This integration, known as knowledge-aware recommendation (KGR), facilitates enhanced
user and item representations for recommendation. Despite substantial research efforts Wang et al.
(2018b); Zhang et al. (2016b) in KGR, a core challenge remains: effectively harnessing the graph of
item side (heterogeneous) information for latent user/item representation learning. Early endeavors
Huang et al. (2018); Ai et al. (2018) primarily employed various knowledge graph embedding (KGE)

1https://anonymous.4open.science/r/NMCLK_Anonymous_Submission_Code
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models to pre-train entity embeddings for item representation learning, but often faltered as they
treated each item-entity relation independently, failing to distill adequate collaborative signals for
item representations.

Motivated by these challenges, we propose the Noisy Multi-view Contrastive Learning Framework
(NMCLK) to enhance Top-K recommendation. NMCLK aims to judiciously leverage limited user-
item interactions and additional KG facts within a contrastive learning paradigm, which learns
discriminative embeddings from unlabeled sample data by maximizing the distance between negative
samples while minimizing the distance between positive samples. NMCLK, designed as an end-to-
end knowledge-aware model, carefully balances the characteristics of both contrastive learning and
knowledge-aware recommendation.

The NMCLK framework comprises three core modules: Multi-view generation, Contrastive module,
and Alignment & Uniformity constraints. The Multi-view module exploits the rich collaborative
and semantic information from Knowledge Graphs and user-item interactions, generating three
complementary graph views. These views are supervised by a multilevel cross-view contrastive
learning mechanism, aiming to enhance the consistency of embeddings across different views.
Additionally, we integrate feature alignment and field uniformity constraints to further bolster the
contrastive learning process.

Our contributions are encapsulated as follows:

• We introduce a model-agnostic contrastive learning framework – NMCLK, which can
directly enhance the quality of feature representations in an end-to-end manner.

• Tailoring to the characteristics of the Top-K recommendation task, we design three self-
supervised learning signals: contrastive loss, feature alignment constraint, and field unifor-
mity constraint to augment contrastive learning performance.

• Through rigorous experimentation on two benchmark datasets, we demonstrate that our
architecture achieves state-of-the-art performance, demonstrating its effectiveness

2 RELATED WORK

Recommendation systems offer personalized suggestions to users by analyzing their preferences and
historical behaviors. Incorporating external knowledge sources, notably knowledge graphs (KGs),
has emerged as a promising avenue to enhance user and item representations. This section delves into
various knowledge-aware recommendation techniques, emphasizing embedding-based, path-based,
and graph neural network (GNN)-based methods, and explores the burgeoning potential of contrastive
learning in this realm.

KG-Based Recommendation: Embedding-based methods, such as CKE (Zhang et al., 2016a)
and KTUP (Cao et al., 2019a), leverage knowledge graph embeddings (KGEs) to integrate learned
entity and relation embeddings into the recommendation process. While effective, these methods
sometimes prioritize semantic relatedness over recommendation accuracy. Path-based techniques,
like PER (Yu et al., 2014) and KPRN (Wang et al., 2018c), harness KG connectivity patterns for
recommendation. However, they often necessitate manually designed meta-paths, demanding domain
expertise, especially for intricate KGs. GNN-based approaches, including KGCN (Wang et al., 2019c)
and KGAT (Wang et al., 2019d), aggregate multi-hop neighboring nodes to capture graph structures
and node features. Despite their efficacy, they predominantly employ supervised learning, relying on
sparse original interactions. In contrast, our method harnesses self-supervised learning, capitalizing
on inherent data signals to refine node representations.

Contrastive Learning in Recommendation: Contrastive learning has recently gained traction for
enhancing user-item interaction representations. Models like HeCo (Wang et al., 2021c) and SGL (Wu
et al., 2021) employ this paradigm. However, its integration with KG-aware recommendation systems
remains nascent. Self-supervised contrastive learning, by leveraging data’s intrinsic structure, offers
potential for robust and generalizable KG representations, enhancing recommendation outcomes.
Given KGs’ semantic richness, pioneering contrastive learning techniques for KG-aware recommen-
dations can unearth profound entity relationships, elevating recommendation system precision and
efficiency.
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Figure 1: Architecture of the NMCLK framework and proposed model. NMCLK including two
components: (a) noisy perturbations and a proposed model (which can be changed with another
KG-based model); (b) a contrastive module and alignment & uniformity constraints.

3 TASK FORMULATION

In this section, we present the task formulation of our proposed Noisy Multi-view Contrastive
Learning Framework for Enhancing Top-K Recommendation. We begin by introducing the necessary
structural data, including user-item interactions and a knowledge graph.

Interaction Matrix: Let U = u1, u2, . . . , uM and V = v1, v2, . . . , vN be the sets of M users and
N items, respectively, in a typical recommendation scenario. We define the user-item interaction
matrix Y ∈ RM×N based on users’ implicit feedbacks like any form of interaction but not explicit
ratings, where yuv = 1 indicates that user u engaged with item v, such as clicking or playing a video,
and yuv = 0 otherwise.

Knowledge graph: In addition to the interaction data, real-world facts associated with items, such
as item attributes or external commonsense knowledge, are stored in a knowledge graph G. The
knowledge graph is a heterogeneous graph, where G = (h, r, t) | h, t ∈ E, r ∈ R, and h, r, t denote
the head, relation, and tail of a knowledge triple, respectively. E and R refer to the sets of entities
and relations in G. For example, the triplet (Iron Man, film.film.star, Robert Downey Jr.) means
that Robert Downey Jr. is a star of the movie Iron Man. In many recommendation scenarios, an
item v ∈ V corresponds to one entity e ∈ E, so we establish a set of item-entity alignments
A = (v, e) | v ∈ V, e ∈ E. With the alignments between items and KG entities, the KG can profile
items and offer complementary information to the interaction data.

Task Description: Given a user-item interaction matrix Y and a knowledge graph G, our task is to
learn a function that can predict how likely a user would adopt an item.

4 THE NMCLK FRAMEWORK

In this section, we elaborate on the different modules of the NMCLK model, which leverages self-
supervised learning to improve user/item representation learning. Our proposed model is composed
of three main components. Firstly, the Multi Views Generation module generates three different
graph views, including global-level structural view, local-level collaborative and semantic view.
Secondly, the Contrastive Module performs local-level and global-level contrastive learning to
learn comprehensive and discriminative node embeddings. Finally, the Alignment and Uniformity
Constraint Module enforces feature alignment and field uniformity constraints to facilitate the
contrastive learning process.
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4.1 NOISY MULTI-VIEW GENERATION MODULE

Our approach’s methodology strategically partitions the user-item-entity graph into two separate
graphs: the user-item graph and the item-entity graph. This bifurcation stems from the diverse
item-item relationships inherent in the graph. The user-item graph serves as a collaborative view,
emphasizing the identification of collaborative relationships between items via item-user-item co-
occurrences. Conversely, the item-entity graph functions as a semantic view, targeting the exploration
of semantic similarities between items through item-entity-item co-occurrences.

Distinct relationships between item entities are addressed by interpreting these relations in the
knowledge graph as unique edge types linking items. These relations are seamlessly integrated into
our contrastive learning framework by adopting multiple perspectives on item-item relationships. For
instance, related hrt pairs such as (Hugh Jackman, ActorOf, Logan) and (JamesM., DirectorOf, Logan)
are projected into both local and global contrasting views. The objective is to spatially approximate
similar pairs while distancing dissimilar ones. The comprehensive user-item-entity graph is perceived
as a structural view, striving to retain the entirety of path information, inclusive of the user-item-entity
long-range connectivity. Drawing inspiration from the work of wu2022noisytune on pretrained
language models, we adopt a matrix-wise perturbation technique. This method introduces varied
uniform noises to distinct parameter matrices, contingent on the standard deviations of the parameters
across different modules of the View encoders.

4.1.1 COLLABORATIVE VIEW (CV) ENCODER:

The collaborative view encoder captures collaborative information between items by modeling
long-range connectivity from user-item interactions. Inspired by previous collaborative filter (CF)
based work, we adopt Light-GCN to recursively perform aggregation K times. Light-GCN contains
simple message passing and aggregation mechanisms without feature transformation and non-linear
activation, which is effective and computationally efficient. The aggregation proceeding in the Kth
layer can be formulated as:
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neighbors of user u and item i respectively. Then we sum representations at different layers up as the
local collaborative representations zci and zcu, as follows:
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Inspired by SimGCL simgcl and Noisytune wu2022noisytune papers’ addition of random noise to
the embeddings and model parameters which leads to robust representation learning we also perform
a similar addition of noise to the generated user and item embeddings.

4.1.2 SEMANTIC VIEW ENCODER:

To capture the semantic relationship between items, we introduce a k-Nearest-Neighbor item-item
semantic graph, S. Constructed using a relation-aware aggregation mechanism, this graph retains
both neighbor entities and relation data. In S, each entry Sij signifies the semantic similarity of item
i to item j. If Sij = 0, the items are unlinked.

Item representations are iteratively learned K ′ times from the knowledge graph G using our relation-
aware aggregating mechanism, which embeds both neighboring entities and their relations. For each
triplet (i, r, v), a relational message er ⊙ ev(k) is crafted to convey varied triplet meanings, achieved
by modeling the relation r using projection or rotation operators [32].

Upon encoding item affinities in the semantic graph S, a Light-GCN with L aggregation operations
refines item representations. The message passing and aggregation in the l-th layer is given by:

e
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Here, N (i) represents neighboring items, S̃ is the normalized graph adjacency matrix from Equation
4, and ei(l) is the item i representation at layer l. The initial item representation ej(0) is its ID
embedding vector, as Light-GCN directly captures item affinities. The local semantic representations
zSi are obtained by summing item representations across layers:

zsi = e
(0)
i + · · ·+ e

(l)
i (4)

4.1.3 STRUCTURAL VIEW ENCODER:

The Structural View Encoder comprises the Neighborhood Aggregator and the Structural Attention
Network. The former captures structural details from each entity’s vicinity. Given entities N (k−1)

i

and their embeddings ej(k−1) j ∈ N
(k−1)
i at layer (k − 1), the aggregator computes:
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Here, σ(·) is the activation function, and hk
i represents aggregated neighbors of entity i at layer k.

The Structural Attention Network emphasizes structural features based on semantic relationships
within the KG. It computes attention weights:
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The final entity representation combines aggregated neighborhood and attention-weighted representa-
tions:
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Global representations zug and zig are obtained by summing all layers:

zgu = e
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(L′)
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In essence, the Structural View Encoder integrates neighborhood structural and KG semantic in-
formation to enhance entity representation. The Neighborhood Aggregator consolidates neighbor
embeddings, while the Structural Attention Network determines attention weights based on semantic
KG relationships.

4.2 CONTRASTIVE MODULE

Inspired by the advancements of self-supervised learning (SSL) in computer vision and natural
language processing, we introduce contrastive learning (CL) for Top-K recommendation tasks to
refine feature representations. This module is bifurcated into Local Level and Global Level CL.

4.2.1 LOCAL LEVEL CONTRASTIVE LEARNING

Given item i with collaborative and semantic view embeddings zci and zsi , we employ local-level
cross-view contrastive learning to enhance these representations. These embeddings undergo a
transformation via a single hidden layer MLP:

zci− = W (2)σ
(
W (1)zci + b(1)

)
+ b(2) zsi− = W (2)σ

(
W (1)zsi + b(1)

)
+ b(2) (9)

where W (·) and b(·) are trainable parameters, and σ is the ELU function. Positive samples are formed
by contrasting embeddings from the collaborative view with their counterparts in the semantic view.
This results in the local-level contrastive learning loss Llocal.
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4.2.2 GLOBAL LEVEL CONTRASTIVE LEARNING

In the global level, node representations from global and local views are transformed similarly to the
local level:

zgi− = W (2)σ
(
W (1)zgi + b(1)

)
+ b(2); zli− = W (2)σ

(
W (1) (zci + zsi ) + b(1)

)
+ b(2) (10)

Using a similar positive and negative sampling strategy as the local level, the contrastive loss Lglobal

is derived. The final objective combines losses from both views:
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The Contrastive Module integrates both local and global views to optimize entity representations.

4.3 ALIGNMENT AND UNIFORMITY CONSTRAINT MODULE

We drew inspiration from the methodologies presented in (Tongzhou Wang, 2022) and (Fangye Wang,
2022), and we adopt the alignment and uniformity constraints, which have been effectively utilized
in CV and NLP domains to derive discriminative representations. To optimize these constraints,
we construct positive and negative sample pairs. In the context of Top-K prediction tasks, features
within the same “field” correspond to positive sample pairs, while those from different fields relate to
negative sample pairs. Specifically, a “field” is defined as a distinct attribute or category associated
with an item, such as genre, director, or actor in datasets like MovieLens. Conversely, a “feature”
represents a specific instance of user interaction with items.

The alignment constraint ensures that features from the same field are closely represented in the
feature space, highlighting their inherent correlations. In contrast, the field uniformity constraint aims
to reduce the similarity between features from disparate fields. By enforcing this constraint, we ensure
a compact representation of features within the same field in a low-dimensional spaceresentation
space, emphasizing their inherent similarity. Conversely, the field uniformity constraint is designed to
diminish the similarity between features across different fields, ensuring a clear distinction between
them. By implementing this constraint, we ensure that features of a common field are densely packed
in a low-dimensional space, enhancing their distinguishability.

4.3.1 FEATURE ALIGNMENT

We introduce the feature alignment constraint to minimize the distance between features from the
same field. The loss function for feature alignment is defined as follows:

La =
F∑

f=1

∑
ei,ej∈Ef

∥ei − ej∥22 (12)

where ei and ej are two features from the same field, and Ef is the subset features of field f .

4.3.2 FIELD UNIFORMITY

The field uniformity constraint, on the other hand, aims to minimize the similarity between features
belonging to different fields. The loss function for field uniformity is defined as follows:

Lu =
∑

ei∈Ef 1≤f≤F

∑
ej∈(E−Ef )

sim (ei, ej) (13)

Here, sim is the cosine similarity between two features. E− Ef contains all features except those
from field f . In Top-K recommendation systems, low-frequency and high-frequency features have
equal chances to be considered in both feature alignment and field uniformity constraints. This helps
to alleviate the suboptimal representation issue for low-frequency features when the two constraints
are introduced during training.
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4.4 MODEL PREDICTION

By performing multi-layer aggregation in three distinct views and optimizing with multi-level cross-
view contrastive learning, we generate several representations for both users and items. Specifically,
we obtain zcu and zgu for user u, and zci , zsi , and zgi for item i. To obtain the ultimate user/item
representations, we combine these representations through summation and concatenation, and then
employ inner product to predict their matching score.

z∗u = zgu|zcu; z∗i = zgi | (zci + zsi ) ; ŷ(u, i) = z∗⊤u z∗i (14)

4.5 MULTI-TASK LEARNING

In order to integrate the recommendation task with the self-supervised task, a multi-task training
approach is employed to optimize the entire model. For the KG-aware recommendation task, a
pairwise BPR loss is utilized to reconstruct the users’ historical data. This loss function encourages
the predicted scores of a user’s previously interacted items to be higher than the unobserved ones.
The training dataset, denoted by O, is comprised of observed interactions, denoted by O+, and their
unobserved counterparts, denoted by O−. The BPR loss function is defined as follows:

LBPR =
∑

(u,i,j)∈O − lnσ (ŷui − ŷuj) (15)

where O = {(u, i, j) | (u, i) ∈ O+, (u, j) ∈ O−} is the training dataset consisting of the observed
interactions O+and unobserved counterparts O−;σ is the sigmoid function.

We now combine BPR loss, local contrastive loss, global contrastive loss, field uniformity, and feature
alignment loss.The hyperparameters for our combined loss function were meticulously chosen to
ensure balanced contributions from each individual loss term. Specifically, they were set to harmonize
the magnitudes of the losses, preventing any single term from dominating. This balanced approach
ensures robust and discriminative feature representations. For clarity, the hyperparameters were set as
follows: α = 0.2, β = 0.1, λ = 0.01, γ = 0.5, and δ = 0.05. We minimize the following objective
function to learn the model parameter:

LNMCLK = LBPR + β
(
αLlocal + (1− α)Lglobal

)
+ γ (δLa + (1− δ)Lu) + λ∥Θ∥22 (16)

where Θ is the model parameter set, α is a hyper parameter to determine the local-global contrastive
loss ratio, β, γ, δ and λ are five hyper parameters to control the contrastive loss, feature alignment,
and uniformity loss, feature alignment-uniformity ratio, and L2 regularization term, respectively.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

5.1.1 DATASETS:

We evaluate the effectiveness NMCLK by conducting experiments on two popular benchmark datasets:
ML-100K2 and ML-1M3, which are publicly available and have been used in existing works (Lv
et al., 2021; Wang et al., 2019d;a;c). Table 1 displays the statistics of the three datasets mentioned
above, all of which utilize the 10-core approach to filter out low-frequency users and items that appear
less than ten times. This filtering ensures the quality of interaction data. Similarly, following the
approach of KGAT (Wang et al., 2019d), 80% of interactions are randomly assigned for training,
while the remaining 20% are assigned for testing. Moreover, for each user, 10% of interactions from
the training set are chosen randomly as a validation set to fine-tune the hyper-parameters. Detailed
descriptions of datasets can be found out in the links given in the footnote.

2https://grouplens.org/datasets/movielens/100k/
3https://grouplens.org/datasets/movielens/1m/
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Dataset ML-100K ML-1M

User-Item Interaction
#users 944 6041
#items 1599 3656
#interactions 97554 997580

Knowledge Graph
#entities 34629 79348
#relations 26 51
#triplets 91631 385923

Table 1: Dataset Statistics

5.1.2 EVALUATION METRICS:

In our evaluation of top-K recommendation and preference ranking tasks, we utilize four widely
recognized metrics: NDCG@K, MRR@K, Hit@K, and Recall@K, where K is set to 20. For every
user in the test set, NDCG@K is a normalized discounted cumulative gain metric that considers the
position of correctly recommended items. MRR@K stands for mean reciprocal rank, which considers
the rank position of the first relevant item. Specifically, it calculates the reciprocal rank of the first
correct item, which is then averaged over all users in the testing set. In other words, it measures
the quality of the first recommended item that matches the user’s preference. Hit@K measures the
percentage of users who have at least one item among the top K recommended items that match their
ground truth preference. It is a binary metric, where 1 indicates the existence of at least one relevant
item among the top K recommendations, and 0 otherwise. Recall@K denotes the proportion of their
rated items that surface in the top K recommended items.

5.1.3 BASELINES:

To validate the efficacy of our proposed NMCLK model, we juxtaposed it against a spectrum of
state-of-the-art recommender system techniques. These encompass: BPR-MF(Rendle et al., 2009),
a CF-based method employing Bayesian Personalized Ranking (BPR) loss tailored for implicit
feedback in collaborative filtering; CKE(Zhang et al., 2016a), an embedding technique that syn-
ergistically combines collaborative filtering with TransR-derived knowledge embeddings, thereby
encapsulating diverse knowledge forms such as structural, textual, and visual; RippleNet(Wang
et al., 2018a), an innovative embedding-based approach that leverages a memory-network strategy
to propagate user preferences on the knowledge graph (KG); MKR(Wang et al., 2019b), a method
that seamlessly integrates KG embedding with recommendations, adeptly addressing challenges
like data sparsity and cold starts; KTUP(Cao et al., 2019b), a dual-purpose model that learns KG
completion and recommendation in tandem, harnessing KG relations to gain deeper insights into
user-item preferences; KGCN(Wang et al., 2019c), a GNN-based technique that aggregates piv-
otal KG information to refine item embeddings, with a focus on accentuating user preferences;
KGNN-LS(Wang et al., 2019a), another GNN model with the added advantage of label smoothness
regularization, ensuring enriched item embeddings; KGAT(Wang et al., 2019d), a GNN strategy
that incorporates attention mechanisms, facilitating iterative integration of user-item-entity graph
neighborhoods; and KGIN(Wang et al., 2021b), an avant-garde GNN approach that delves into
user intention by leveraging auxiliary item knowledge through a user-intent-item-entity graph. Each
of these models offers unique methodologies and perspectives, making the comparative analysis
comprehensive and robust.

Model MovieLens-100k MovieLens-1M
NDCG@20 Hit@20 MRR@20 Recall@20 NDCG@20 Hit@20 MRR@20 Recall@20

BPRMF 0.2421 0.8706 0.3874 0.3259 0.2047 0.822 0.3533 0.2196
CKE 0.264 0.8706 0.3861 0.3481 0.1987 0.825 0.3429 0.218
RippleNet 0.1837 0.7911 0.2576 0.2707 0.1216 0.7056 0.2081 0.1425
MKR 0.2334 0.8462 0.3451 0.309 0.1919 0.8156 0.3281 0.2107
KTUP 0.227 0.825 0.35 0.297 0.2055 0.8273 0.3582 0.2188
KGCN 0.2564 0.8653 0.3818 0.3393 0.1942 0.8126 0.3386 0.2099
KGNN-LS 0.2565 0.86 0.3805 0.3393 0.1942 0.8126 0.3379 0.2093
KGAT 0.2562 0.8696 0.407 0.3452 0.2035 0.8323 0.3531 0.2217
KGIN 0.2419 0.8653 0.3475 0.3248 0.2011 0.8296 0.3592 0.2214
NMCLK 0.279 0.878 0.4156 0.3528 0.2313 0.8598 0.3958 0.2484

Table 2: The results of baselines in Top-K prediction. The best results are in boldface and the second
best results are underlined.
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5.1.4 PARAMETER SETTINGS:

We kept the embedding dimension at 64, used Adam (Kingma & Ba, 2017) optimizer, and set the
batch size to 2048 for our model. We initialized the model parameters randomly using the Xavier
(Glorot & Bengio, 2010) initializer. To stabilize and accelerate model training, we used pre-trained
MF embeddings, as suggested in previous studies. We followed the suggestions (Lv et al., 2021;
Wang et al., 2019d; 2021b) from the original papers or conducted empirical research to set the
hyperparameters for each baseline model. The experimental setting for each is kept the same as
mentioned in their respective papers.

5.2 PERFORMANCE COMPARISON

Superiority of NMCLK: The NMCLK model consistently outperforms all other models across
both datasets. Specifically, on the MovieLens-100k dataset, NMCLK improves the NDCG@20 by
approximately 8.9% over the next best-performing model, KGAT. This superior performance can be
attributed to its unique framework that seamlessly integrates multiple views and methodologies to
capture both collaborative and semantic signals from the knowledge graph.

The Way of Exploiting KG Information via Multiple Views: The NMCLK model’s ability to
exploit knowledge graph (KG) information through multiple views, particularly the local and global
contrastive views, sets it apart from other models. For instance, models like BPRMF and CKE, which
achieve NDCG@20 scores of 0.2421 and 0.264 respectively on MovieLens-100k, do not incorporate
such a multi-view approach, leading to their inferior performance.

Distinguishing Collaborative and Semantic Signals: NMCLK’s strength lies in its capability to
distinguish between collaborative and semantic signals in the KG. While models like KTUP and
MKR might capture either collaborative or semantic signals, our approach ensures that both types of
signals are harnessed effectively. This is evident in its higher performance metrics, where NMCLK’s
Recall@20 score of 0.3528 on MovieLens-100k surpasses that of KTUP’s 0.297 and MKR’s 0.309.

Role of Feature Alignment and Uniformity: On the MovieLens-1M dataset, NMCLK’s NDCG@20
score of 0.2313 is approximately 11.6% higher than that of KGCN, highlighting the importance
of these features. The alignment ensures that features from the same field are closely distributed,
enhancing the model’s ability to make accurate recommendations. In contrast, the uniformity
constraint ensures diverse feature representations.

6 CONCLUSION AND FUTURE WORK

In this paper, we presented the Noisy Multi-view Contrastive Learning Framework (NMCLK) aimed
at enhancing top-K recommendation performance. The framework utilizes a contrastive learning
module to merge item representations from multiple views, including textual and visual aspects. We
introduced a novel noise injection strategy to add noise to the model parameters and cross-view
representations, thereby improving the robustness and generalizability of the obtained representations.
Moreover, we proposed a representation uniformity loss and feature alignment constraint to further
refine the quality and consistency of the learned representations.

Through rigorous experimentation on two benchmark datasets, we demonstrated the superior per-
formance of NMCLK over state-of-the-art methods across different evaluation metrics. Despite
its promising results, there are several areas for improvement. Future work could explore various
noise injection strategies and assess their impact on model performance. While our emphasis was on
enhancing embedding consistency across different views through the contrastive learning framework,
investigating the balance between consistency and uniqueness in multi-view embeddings is warranted.
The effect of employing different modalities and their combinations on NMCLK’s performance also
deserves exploration. Additionally, alternative contrastive learning approaches like InfoNCE or SwAV
could be explored for better item representation learning. The integration of attention mechanisms to
highlight the feature importance of different views is another promising avenue. Lastly, extending
NMCLK to address more complex recommendation scenarios such as cross-domain, sequential, or
group recommendations could lead to more powerful recommendation systems. This work sets a
strong foundation for these explorations, and we believe that these directions will contribute to more
robust and effective recommendation systems.

9



Under review as a conference paper at ICLR 2024

REFERENCES

Qingyao Ai, Vahid Azizi, Xu Chen, and Yongfeng Zhang. Learning heterogeneous knowledge base
embeddings for explainable recommendation. Algorithms, 11(9):137, sep 2018. doi: 10.3390/
a11090137. URL https://doi.org/10.3390%2Fa11090137.

Yixin Cao, Xiang Wang, Xiangnan He, Zikun Hu, and Tat-Seng Chua. Unifying knowledge graph
learning and recommendation: Towards a better understanding of user preferences. In The
World Wide Web Conference. ACM, may 2019a. doi: 10.1145/3308558.3313705. URL https:
//doi.org/10.1145%2F3308558.3313705.

Yixin Cao, Xiang Wang, Xiangnan He, Zikun Hu, and Tat-Seng Chua. Unifying knowledge graph
learning and recommendation: Towards a better understanding of user preferences. In The
World Wide Web Conference, WWW ’19, pp. 151–161, New York, NY, USA, 2019b. Association
for Computing Machinery. ISBN 9781450366748. doi: 10.1145/3308558.3313705. URL
https://doi.org/10.1145/3308558.3313705.

Dongsheng Li Hansu Gu Tun Lu Peng Zhang Ning Gu Fangye Wang, Yingxu Wang. Cl4ctr:
A contrastive learning framework for ctr prediction, 2022. URL https://doi.org/10.
48550/arXiv.2212.00522.

Xavier Glorot and Yoshua Bengio. Understanding the difficulty of training deep feedforward
neural networks. In Yee Whye Teh and Mike Titterington (eds.), Proceedings of the Thirteenth
International Conference on Artificial Intelligence and Statistics, volume 9 of Proceedings of
Machine Learning Research, pp. 249–256, Chia Laguna Resort, Sardinia, Italy, 13–15 May 2010.
PMLR. URL https://proceedings.mlr.press/v9/glorot10a.html.

Xiangnan He, Lizi Liao, Hanwang Zhang, Liqiang Nie, Xia Hu, and Tat-Seng Chua. Neural
collaborative filtering, 2017.

Xiangnan He, Kuan Deng, Xiang Wang, Yan Li, Yongdong Zhang, and Meng Wang. Lightgcn:
Simplifying and powering graph convolution network for recommendation, 2020.

Jin Huang, Wayne Xin Zhao, Hongjian Dou, Ji-Rong Wen, and Edward Y. Chang. Improving sequen-
tial recommendation with knowledge-enhanced memory networks. In The 41st International ACM
SIGIR Conference on Research &amp Development in Information Retrieval. ACM, June 2018.
doi: 10.1145/3209978.3210017. URL https://doi.org/10.1145/3209978.3210017.

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization, 2017.

Jianxun Lian, Xiaohuan Zhou, Fuzheng Zhang, Zhongxia Chen, Xing Xie, and Guangzhong Sun.
xDeepFM. In Proceedings of the 24th ACM SIGKDD International Conference on Knowledge
Discovery &amp Data Mining. ACM, jul 2018. doi: 10.1145/3219819.3220023. URL https:
//doi.org/10.1145%2F3219819.3220023.

Yong Liu, Wei Wei, Aixin Sun, and Chunyan Miao. Exploiting geographical neighborhood character-
istics for location recommendation. In Proceedings of the 23rd ACM International Conference
on Conference on Information and Knowledge Management, CIKM ’14, pp. 739–748, New
York, NY, USA, 2014. Association for Computing Machinery. ISBN 9781450325981. doi:
10.1145/2661829.2662002. URL https://doi.org/10.1145/2661829.2662002.

Qingsong Lv, Ming Ding, Qiang Liu, Yuxiang Chen, Wenzheng Feng, Siming He, Chang Zhou,
Jianguo Jiang, Yuxiao Dong, and Jie Tang. Are we really making much progress? revisiting,
benchmarking, and refining heterogeneous graph neural networks, 2021.

Steffen Rendle, Christoph Freudenthaler, Zeno Gantner, and Lars Schmidt-Thieme. Bpr: Bayesian
personalized ranking from implicit feedback. In Proceedings of the Twenty-Fifth Conference on
Uncertainty in Artificial Intelligence, UAI ’09, pp. 452–461, Arlington, Virginia, USA, 2009.
AUAI Press. ISBN 9780974903958.

Phillip Isola Tongzhou Wang. Understanding contrastive representation learning through alignment
and uniformity on the hypersphere, 2022. URL https://arxiv.org/pdf/2005.10242.
pdf.

10

https://doi.org/10.3390%2Fa11090137
https://doi.org/10.1145%2F3308558.3313705
https://doi.org/10.1145%2F3308558.3313705
https://doi.org/10.1145/3308558.3313705
https://doi.org/10.48550/arXiv.2212.00522
https://doi.org/10.48550/arXiv.2212.00522
https://proceedings.mlr.press/v9/glorot10a.html
https://doi.org/10.1145/3209978.3210017
https://doi.org/10.1145%2F3219819.3220023
https://doi.org/10.1145%2F3219819.3220023
https://doi.org/10.1145/2661829.2662002
https://arxiv.org/pdf/2005.10242.pdf
https://arxiv.org/pdf/2005.10242.pdf


Under review as a conference paper at ICLR 2024

Hongwei Wang, Fuzheng Zhang, Jialin Wang, Miao Zhao, Wenjie Li, Xing Xie, and Minyi
Guo. Ripplenet: Propagating user preferences on the knowledge graph for recommender
systems. In Proceedings of the 27th ACM International Conference on Information and
Knowledge Management, CIKM ’18, pp. 417–426, New York, NY, USA, 2018a. Association
for Computing Machinery. ISBN 9781450360142. doi: 10.1145/3269206.3271739. URL
https://doi.org/10.1145/3269206.3271739.

Hongwei Wang, Fuzheng Zhang, Xing Xie, and Minyi Guo. Dkn: Deep knowledge-aware network
for news recommendation. In Proceedings of the 2018 World Wide Web Conference, WWW ’18,
pp. 1835–1844, Republic and Canton of Geneva, CHE, 2018b. International World Wide Web
Conferences Steering Committee. ISBN 9781450356398. doi: 10.1145/3178876.3186175. URL
https://doi.org/10.1145/3178876.3186175.

Hongwei Wang, Fuzheng Zhang, Mengdi Zhang, Jure Leskovec, Miao Zhao, Wenjie Li, and
Zhongyuan Wang. Knowledge-aware graph neural networks with label smoothness regularization
for recommender systems, 2019a.

Hongwei Wang, Fuzheng Zhang, Miao Zhao, Wenjie Li, Xing Xie, and Minyi Guo. Multi-task feature
learning for knowledge graph enhanced recommendation. In The World Wide Web Conference,
WWW ’19, pp. 2000–2010, New York, NY, USA, 2019b. Association for Computing Machinery.
ISBN 9781450366748. doi: 10.1145/3308558.3313411. URL https://doi.org/10.1145/
3308558.3313411.

Hongwei Wang, Miao Zhao, Xing Xie, Wenjie Li, and Minyi Guo. Knowledge graph convolutional
networks for recommender systems. In The World Wide Web Conference. ACM, may 2019c. doi:
10.1145/3308558.3313417. URL https://doi.org/10.1145%2F3308558.3313417.

Xiang Wang, Dingxian Wang, Canran Xu, Xiangnan He, Yixin Cao, and Tat-Seng Chua. Explainable
reasoning over knowledge graphs for recommendation, 2018c.

Xiang Wang, Xiangnan He, Yixin Cao, Meng Liu, and Tat-Seng Chua. KGAT. In Proceedings of
the 25th ACM SIGKDD International Conference on Knowledge Discovery &amp Data Mining.
ACM, jul 2019d. doi: 10.1145/3292500.3330989. URL https://doi.org/10.1145%
2F3292500.3330989.

Xiang Wang, Tinglin Huang, Dingxian Wang, Yancheng Yuan, Zhenguang Liu, Xiangnan He, and
Tat-Seng Chua. Learning intents behind interactions with knowledge graph for recommendation.
In Proceedings of the Web Conference 2021. ACM, apr 2021a. doi: 10.1145/3442381.3450133.
URL https://doi.org/10.1145%2F3442381.3450133.

Xiao Wang, Nian Liu, Hui Han, and Chuan Shi. Self-supervised heterogeneous graph neural network
with co-contrastive learning, 2021b.

Jiancan Wu, Xiang Wang, Fuli Feng, Xiangnan He, Liang Chen, Jianxun Lian, and Xing Xie. Self-
supervised graph learning for recommendation. In Proceedings of the 44th International ACM
SIGIR Conference on Research and Development in Information Retrieval. ACM, jul 2021. doi:
10.1145/3404835.3462862. URL https://doi.org/10.1145%2F3404835.3462862.

Xiao Yu, Xiang Ren, Yizhou Sun, Quanquan Gu, Bradley Sturt, Urvashi Khandelwal, Brandon Norick,
and Jiawei Han. Personalized entity recommendation. In Proceedings of the 7th ACM international
conference on Web search and data mining. ACM, February 2014. doi: 10.1145/2556195.2556259.
URL https://doi.org/10.1145/2556195.2556259.

Fuzheng Zhang, Nicholas Jing Yuan, Defu Lian, Xing Xie, and Wei-Ying Ma. Collaborative
knowledge base embedding for recommender systems. In Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, KDD ’16, pp. 353–362,
New York, NY, USA, 2016a. Association for Computing Machinery. ISBN 9781450342322. doi:
10.1145/2939672.2939673. URL https://doi.org/10.1145/2939672.2939673.

Fuzheng Zhang, Nicholas Jing Yuan, Defu Lian, Xing Xie, and Wei-Ying Ma. Collaborative
knowledge base embedding for recommender systems. In Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining. ACM, August 2016b. doi:
10.1145/2939672.2939673. URL https://doi.org/10.1145/2939672.2939673.

11

https://doi.org/10.1145/3269206.3271739
https://doi.org/10.1145/3178876.3186175
https://doi.org/10.1145/3308558.3313411
https://doi.org/10.1145/3308558.3313411
https://doi.org/10.1145%2F3308558.3313417
https://doi.org/10.1145%2F3292500.3330989
https://doi.org/10.1145%2F3292500.3330989
https://doi.org/10.1145%2F3442381.3450133
https://doi.org/10.1145%2F3404835.3462862
https://doi.org/10.1145/2556195.2556259
https://doi.org/10.1145/2939672.2939673
https://doi.org/10.1145/2939672.2939673

	Introduction
	Related Work
	Task Formulation
	The NMCLK Framework
	Noisy Multi-view Generation Module
	Collaborative View (CV) Encoder:
	Semantic View Encoder:
	Structural View Encoder:

	Contrastive Module
	Local Level Contrastive Learning
	Global Level Contrastive Learning

	Alignment and Uniformity Constraint Module
	Feature Alignment
	Field Uniformity

	Model Prediction
	Multi-task Learning

	Experiments
	Experimental Setup
	Datasets: 
	Evaluation Metrics: 
	Baselines:
	Parameter Settings: 

	Performance Comparison

	Conclusion And Future Work

