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Abstract

The sparsity of user–item interactions remains a funda-
mental obstacle in collaborative filtering, limiting the abil-
ity of Graph Neural Network (GNN)-based recommender
systems to capture high-order user relationships without
incurring over-smoothing and computational overhead.
Existing social recommendation approaches mitigate this
by incorporating social networks, yet most rely on explicit
ties and fail to construct informative links in their ab-
sence. Meanwhile, contrastive learning (CL) has shown
promise in improving representation quality, but cur-
rent view generation strategies, augmentation-based for
robustness and nonaugmentation-based for semantic fi-
delity, are seldom combined, leaving their complementary
potential underexplored. We propose Social Generating
with Multiview-guided Tuning (SGMT), a unified frame-
work that addresses both challenges. First, an interest-
aware social generation mechanism constructs synthetic
user–user links from shared interaction patterns, theo-
retically shown to compress collaborative paths and un-
cover latent high-order relations. Second, we present two
complementary CL modules, Noise-augmented View and
Semantic-explored View, which we theoretically prove to
preferentially enhance uniformity and alignment, respec-
tively, two fundamental objectives in CL. Experiments on
three real-world datasets show that SGMT outperforms
state-of-the-art baselines, validating both the theoretical
analysis and the practical efficacy of our model.

Introduction
The exponential growth of online content has led to infor-
mation overload, positioning recommender systems as vital
tools for filtering relevant information (Han et al. 2024). Col-
laborative filtering (CF), based on the assumption that simi-
lar users share similar preferences (Li et al. 2024; Wu et al.
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2024; Wang et al. 2022), remains a foundational approach.
However, the sparsity of user-item interactions limits its ef-
fectiveness (Wu et al. 2021a). To mitigate this, recent efforts
have incorporated social networks, leveraging user relation-
ships to enhance recommendation performance (Wu et al.
2020a; Fan et al. 2020; Yang et al. 2022; Sun et al. 2025;
Xiong et al. 2025), as social ties offer valuable signals for
preference modeling (Sharma et al. 2022).

Graph Neural Networks (GNNs) have recently gained
prominence for their ability to model higher-order depen-
dencies in graph-structured data (Wu et al. 2022b). Given
the inherent graph structure of recommender systems—such
as user-item interactions and social networks—GNNs have
been widely adopted in both collaborative filtering (Wu et al.
2020b; Ji et al. 2020; Wang et al. 2020) and social recom-
mendation tasks (Sun et al. 2023; Ni et al. 2023). Despite
their success, two key challenges remain:

Dataset Flickr Ciao Yelp

Number of Common
Interactions between Users

1 80.6% 65.9% 63.9%
2 12.0% 17.4% 18.5%
3 3.50% 7.01% 7.41%

Average Number of Common
Interactions between Users 1.38 1.84 1.90

Table 1: Statistics w.r.t. users with common interactions in
the collaborative domain.

The limitation of GNNs in sparse interactions. Despite
their success, GNN-based recommendation systems face in-
trinsic limitations due to over-smoothing, which impairs rep-
resentation quality as network depth increases and restricts
the modeling of high-order dependencies within user-item
graphs (Chen et al. 2020). Deeper architectures also incur
prohibitive computational costs, with most models restricted
to three layers (He et al. 2020). As shown in Table 1, real-
world datasets such as Flickr, Ciao, and Yelp1 exhibit high
sparsity—over 60% of user pairs share only a single item in-
teraction, with average common interactions per pair below
two. Such sparsity places semantically informative connec-

1Detailed descriptions of these datasets are provided in the Ex-
periments section.
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tions beyond the reach of shallow GNNs. Consider the ex-
ample in Fig. 1, where predicting user u2’s preference for
item i2 depends on signals from user u4, who alone has in-
teracted with i2. In the interaction graph, u2 and u4 are sep-
arated by a four-hop path, necessitating a fourth-order GNN,
rendering the embeddings susceptible to over-smoothing.
This observation motivates the need for auxiliary structural
connections that reduce effective propagation depth. By gen-
erating social edges between u2 and u3, and between u3 and
u4, the system can compress the original four-hop collabo-
rative path into a two-hop path in the social graph, allowing
a second-order GNN to capture high-order signals with im-
proved efficiency and reduced degradation.

Figure 1: In the collaborative domain, predicting u2’s inter-
action with i2 requires the learning of u4’s embedding via
at least fourth-order GNN. In contrast, with the generated
social graph that connects users sharing similar interaction
patterns, u2 can reach u4 via a second-order user-user path.

The limitation of single view generation strategies in
sparse data. To alleviate data sparsity in user-item inter-
action graphs, leveraging social neighbors introduces valu-
able user-user signals. In parallel, contrastive learning (CL)
has emerged as a powerful self-supervised approach that im-
proves representation quality by maximizing agreement be-
tween different views of the same user or item (Jing et al.
2023; Singh 2020; Cheng et al. 2022; Wei et al. 2022; Xie
et al. 2022; Zang et al. 2023). Existing CL view generation
strategies fall into two categories: augmentation-based (Yu
et al. 2022; Wu et al. 2021a), which perturb the graph or
embeddings to improve robustness; and nonaugmentation-
based (He et al. 2023; Wu et al. 2024), which retain the orig-
inal structure (e.g., via multi-layer representations) to pre-
serve semantic fidelity. However, whether these two strate-
gies can be combined in a complementary optimization
manner to improve representation has not been explored.

To address the aforementioned challenges, we propose a
novel framework: Social Generating with Multiview-guided
Tuning (SGMT) for recommender systems. SGMT com-
prises three key modules, with the primary module, Social
Collaborative Filtering, designed to address the first chal-
lenge. Central to this module is the interest-aware social gen-
eration component, which constructs synthetic social links
between users by identifying shared interaction patterns
within a predefined neighborhood. In addition, the second
component, social integrated propagation, incorporates
the generated social edges into the message-passing process,
facilitating joint propagation over both social and collabora-
tive structures. The third component, cross-domain gated
aggregation, fuses user representations from the social and

interaction domains using a gating mechanism that adap-
tively balances their contributions. To address the second
challenge, SGMT further incorporates two auxiliary mod-
ules: a Noise-augmented View, introducing controlled per-
turbations in embeddings; and a Semantic-explored View,
enforcing semantic consistency across GNN layers. We pro-
vide theoretical evidence that these views respectively pro-
mote the two key objectives in contrastive learning, unifor-
mity and alignment, which are essential for learning high-
quality representations (Wang and Isola 2020).

In summary, our main contributions are listed as follows:

• We propose a novel model that constructs social links by
identifying shared user interests to compress collabora-
tive paths. To our knowledge, this is the first work to
theoretically show that the resulting social graph more
effectively captures latent high-order relationships in the
interaction graph, thereby enabling more efficient propa-
gation of preferences among semantically aligned users.

• To refine the embeddings produced by the Social Collab-
orative Filtering module, we introduce two complemen-
tary views. The first uses augmentation to promote repre-
sentational robustness, while the second preserves struc-
tural semantics. Theoretical analysis shows that these
views preferentially promote uniformity and alignment,
respectively, in the learned representations.

• We evaluate the performance of SGMT on three datasets.
The experimental results reveal the superiority of our
proposed model over state-of-the-art methods.

Method
Preliminaries
Let U = {u1, . . . , un} and I = {i1, . . . , im} be the user
and item sets, with n and m being their respective sizes.
User–item interactions are denoted as a bipartite graph Gr =
(U ∪ I, Er), where Er is the observed interactions. The in-
teractions can be denoted by a matrix R ∈ Rn×m, where
rui = 1 if user u interacts with item i, and 0 otherwise.

Overview
Fig. 2 illustrates the SGMT architecture, comprising a core
Social Collaborative Filtering backbone and two auxiliary
modules: Noise-augmented View and Semantic-explored
View. The backbone includes: (1) Interest-aware Gener-
ating, which builds a synthetic social graph via shared
interests and encodes it using Graph Attention Network
(GAT) (Veličković et al. 2018); (2) Social Integrated Prop-
agation, which fuses social and collaborative signals; and
(3) Cross-Domain Gated Aggregation, which adaptively bal-
ances the two via a learnable gate. The Noise-augmented
View introduces perturbations to encourage uniformity,
while the Semantic-explored View enforces cross-layer con-
sistency to enhance alignment.

Social Collaborative Filtering
Interest-aware Generating: To overcome the depth limi-
tations imposed by over-smoothing in GNNs, we generate
synthetic social links from shared user interests, allowing
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Figure 2: Illustrative of the proposed SGMT model, which comprises the core Social Collaborative Filtering backbone, which
constructs and integrates interest-aware social links, and two auxiliary modules, the Noise-augmented View and the Semantic-
explored View, which jointly refine the learned representations by balancing uniformity and alignment.

access to high-order collaborative signals without deeper
propagation layers. We begin by computing the number of
co-interactions between users via S = R · R⊤, where
S ∈ Rn×n is the user co-interaction matrix. To form a social
adjacency graph, we define two thresholds, θL and θU , and
retain user pairs (u, v) with shared interactions as:

Suv =

{
1, if θL < Suv < θU

0, if Suv ≤ θL or Suv ≥ θU .
(1)

This filtering removes spurious connections (below θL) and
redundant edges (above θU ), preserving only moderately
aligned user pairs likely to benefit from social augmentation.

Figure 3: Illustrative example for IC of user u and v.

To refine the generated links, we assess the interest con-
sistency of each user pair by structure-aware embeddings:

EST
U = SECO

U , (2)

where ECO
U ∈ Rn×d denotes user embeddings from the col-

laborative domain. Here, ECO
U carries user interest informa-

tion, while S encodes the social structure.
To quantify the reliability degree of the social connection

between user u and user v, we then evaluate the cosine sim-
ilarity between structural embeddings and normalize it to
yield an Interest Confidence (IC) score ICu,v as:

ICu,v = (
(eST

u )⊤eST
v

∥eST
u ∥2 ∥eST

v ∥2
+ 1)/2. (3)

Figure 3 depicts the construction of interest-aware social
connections. For each candidate user pair (u, v), we com-
pute the cosine similarity between their structure-aware em-
beddings eST

u and eST
v . This similarity is then normalized to

yield the IC score. In the illustrated case, the computed IC
value of 0.85 indicates a high degree of alignment in their
structural preferences within the social space.

The IC is calculated as a pruning criterion: only so-
cial edges with IC above a certain threshold γ are re-

15503



tained, ensuring that the augmented graph includes only
high-confidence social connections. This process is

Ẽs = {(u, v) ∈ E | ICu,v ≥ γ} , (4)

where E stands for edge set of the generated social gragh Gs

and Ẽs denotes the pruned social edge set.
Subsequently, we employ a GAT to compute user embed-

dings in the social domain:

ESO
U = GAT(EST

U , G̃s), (5)

where G̃s is the pruned social graph, and ESO
U ∈ Rn×d in-

herently captures the social relationships between users. The
GAT selectively aggregates information from structurally
and semantically aligned neighbors.

Social Integrated Propagation: Unlike conventional so-
cial recommendation methods that separate social and in-
teraction signals (Sharma et al. 2024), we adopt a unified
propagation scheme that embeds social information directly
into collaborative filtering, by fusing user embeddings from
both domains:

EFU
U = ESO

U ⊕ECO
U , (6)

where ⊕ denotes element-wise addition, EFU
U ∈ Rn×d rep-

resents the fused user embedding, which is learned through
fusing information from social and interaction graphs.

To encode user-item interactions, we employ Light-
GCN(He et al. 2020), a simplified yet effective variant of
GCNs specifically tailored for recommendation tasks. The
fused user representations EFU

U are subsequently propa-
gated through the interaction graph:

EG
FU ,E

G
I = LightGCN(EFU

U ,ECO
I ,Gr), (7)

yielding the global user and item embeddings EG
FU and EG

I .
This propagation captures both collaborative signals and so-
cial influence, improving representations in sparse settings.

Cross-Domain Gated Aggregation: While EG
FU cap-

tures collaborative patterns, it is largely shaped by
interaction-graph signals. To more comprehensively model
preferences, we integrate the social embedding ESO

U via a
gating mechanism (Wu et al. 2022a), which adaptively bal-
ances collaborative and social contributions. The final user
embedding EG

U is given by:

EG
U = Gate

(
EG

FU ,E
SO
U

)
, (8)

where the gating unit dynamically weighs the two inputs:

gu = σ
(
W1

G eGfu +W2
G eSO

u

)
,

eGu = gu ⊙ eGfu + (1− gu)⊙ eSO
u ,

(9)

where gu ∈ Rd is the gate vector, ⊙ is element-wise mul-
tiplication, and σ(·) is the sigmoid function. The learnable
matrices W1

G and W2
G guide the domain-specific weight-

ing. This adaptive fusion enables EG
U to combine personal-

ized preferences with social signals, yielding more expres-
sive and robust user representations.

Multi-View Regularization
Noise-augmented View: To improve embedding unifor-
mity, we adopt a lightweight noise-injection strategy in-
spired by SimGCL (Yu et al. 2022). Instead of perturbing
graph structures, we inject controlled noise into embeddings
to produce two distinct views, mitigating semantic loss. For
a representation matrix E ∈ Rx×d, noise is generated as:

∆ = ∆̄⊙ sign (E)⊙ ϵ,with ∆̄ = Rand like (E) , (10)

where Rand like(·) produces random noise matching the
dimensions of E and is L2-normalized. The sign(·) func-
tion assigns +1 or −1 based on the sign of each element,
while ϵ controls the noise magnitude. This operation pre-
serves the directional semantics of the original embeddings.
Two perturbed views of user and item embeddings are:

EG′
U ,EG′

I = Encoder
(
EFU

U +∆′
u,E

CO
I +∆′

i,Gr

)
,

EG′′
U ,EG′′

I = Encoder
(
EFU

U +∆′′
u,E

CO
I +∆′′

i ,Gr

)
,

(11)

where Encoder(·) comprises social integration and gating
components. EG′

U ,EG′′

U ∈ Rn×d and EG′

I ,EG′′

I ∈ Rm×d

are user and item embeddings from the two generated views.
To perform contrastive learning across views, we treat

{eG′

u , eG
′′

u } and {eG′

i , eG
′′

i } as positive pairs and {eG′

u , eG
′′

v }
and {eG′

i , eG
′′

j } as negative samples, and the noise-
augmented contrastive loss is defined by adopting the In-
foNCE loss (Gutmann and Hyvärinen 2010) as:

LN =
1

2

∑
u∈U

− log
exp(eG′

u · eG′′
u /τ)∑

v∈U exp(eG′
u · eG′′

v /τ)
+

1

2

∑
i∈I

− log
exp(eG′

i · eG′′
i /τ)∑

j∈I exp(eG′
i · eG′′

j /τ)
,

(12)

where τ being the temperature parameter.
Semantic-explored View: To complement the geometric

regularization of the noise-augmented view, we propose a
contrastive strategy that preserves semantic fidelity without
altering the input structure. This Semantic-explored View
exploits the hierarchical nature of GNNs, wherein differ-
ent layers encode distinct semantics (He et al. 2023): even-
numbered layers capture user–user similarities, while odd-
numbered layers model user–item interactions. Thus, cross-
layer embeddings naturally form semantically meaningful
positive pairs. Given an observed interaction (u, i), we pair
the fused user embedding at the k-th layer, eG

(k)

fu , with the

item embedding at the (k + 1)-th layer, eG
(k+1)

i , and vice
versa, forming symmetric positive pairs. In contrast, nega-
tive pairs are formed via random unobserved interactions,
and the semantic contrastive loss LS is formulated as:

LS =
1

2

∑
(u,i)∈R

− log
exp(eG(k)

fu · eG(k+1)

i /τ)∑
j∈I exp(eG(k)

fu · eG(k+1)

j /τ)
+

1

2

∑
(u,i)∈R

− log
exp(eG(k)

i · eG(k+1)

fu /τ)∑
v∈U exp(eG(k)

i · eG(k+1)

fv /τ)
,

(13)
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Model Training: For the main recommendation task, we
adopt the Bayesian Personalized Ranking (BPR) loss:

LBPR =
∑

(u,i,j)∈O

− log σ (ŷui − ŷuj) , (14)

where O = {(u, i, j) | rui = 1, ruj = 0} denotes the
triplets sampled, and ŷui = eG⊤

u eGi . For each user u, i is a
positive item with which u has interacted, and j is a negative
item randomly sampled from the set of items that u has not
interacted with. For each observed interaction (u, i), a non-
interacted item is randomly selected as the negative sample.

To jointly optimize the recommendation and contrastive
losses, we use a multi-task learning framework. The loss is:

L = LBPR + λ1LN + λ2LS + λ3∥Θ∥2, (15)

where Θ is the set of learned user and item embeddings, λ1

and λ2 control the weights of the noise-based and semantic
contrastive losses, and λ3 is the regularization coefficient.

Theoretical Analysis
Theoretical Analysis of Semantic Path Coverage in
Social Graph Generation
Let Gs = (U , Es) be the generated social graph contain-
ing only explicit user–user edges; and let d(u,v)G denote the
shortest-path length between users u and v in graph G. We
define the Semantic Path Coverage from k-hop in the col-
laborative graph to h-hop in the social graph as:

ηk→h =
|{(u, v) | d(u,v)Gr

> k, d
(u,v)
Gs

≤ h}|
|{(u, v) | d(u,v)Gr

≤ k}|
. (16)

The numerator counts user pairs whose distance in Gr is at
least k but is compressed to at most h in Gs, while the de-
nominator enumerates all pairs within k hops in Gr. A higher
ηk→h indicates that the social graph more effectively ex-
poses high-order relationships embedded in the collabora-
tive graph, thereby facilitating more efficient propagation of
preferences among semantically aligned users.

To model this phenomenon, we adopt the random inter-
section graph framework (Godehardt and Jaworski 2003),
where Gr is a sparse bipartite graph. The probability that an
edge exists between users u and v is then given by:

pedge = 1−
m∑

k=0

Pk · Ek[m−X∗]

(m)k
. (17)

Here, pedge is the probability of a social edge. The random
variable X∗ is the number of attributes a given object se-
lects in the underlying bipartite model. The notation E[·] is
the expectation, and (·)k is the k-th falling factorial, e.g.,
(m)k = m(m−1)...(m−k+1). For analytical tractability,
we assume X∗ is a discrete non-negative random variable:

Pr(X∗ = j) = Pj , j = 0, 1, . . . ,m. (18)

Considering the expectation term in pedge, by using suitable
approximations, when m ≫ j, k, we can express it as:

E
[
(m−X∗)k

]
≈ E

[
(m)k

(
1− kj

m

)]
= (m)k

m∑
j=0

Pj

(
1− kj

m

)
.

(19)

Since
∑m

j=0 Pj = 1 and
∑m

j=0 Pj · j = E[X∗], it follows:

E
[
(m−X∗)k

]
≈ (m)k

(
1− k E[X∗]

m

)
, (20)

Based on our derivation, when Gr satisfies the above condi-
tions, the probability that a social edge is formed between
any two users u and v is:

pedge ≈ 1−
m∑

k=0

Pk

(
1− k E[X∗]

m

)
=

E[X∗]2

m
. (21)

Under this approximation, the social graph can be viewed
as an Erdős–Rényi random graph G(n, pedge). In the sparse
limit, its h-hop neighborhood size can be approximated by a
Galton–Watson branching process, yielding:

c = (n− 1) pedge, Nl =

ℓ∑
i=0

ci, (22)

where c is the mean degree of the social graph Gs, Nl is the
expected number of distinct users reachable from a given
starting user in at most l hops. This allows a closed-form
approximation for the Semantic Path Coverage:

ηk→h =

∣∣{(u, v) | d(u,v)Gr
> k, d

(u,v)
Gs

≤ h}
∣∣∣∣{(u, v) | d(u,v)Gr

≤ k}
∣∣ ≈

Nh −N⌊k/2⌋

N⌊k/2⌋
.

(23)

Empirical Verification. To further demonstrate the ex-
tensive semantic coverage of the social graph intuitively,
we take the dataset Flickr as an example. Although X∗ is
integer-valued, fitting a continuous density by maximum
likelihood estimation is standard in large-sample, heavy-
tailed settings and introduces negligible bias. Given Flickr’s
sparsity and long-tail interaction patterns, we fit the data us-
ing a log-normal distribution (Clauset, Shalizi, and Newman
2009): X∗ ∼ Log-normal(µ, σ2), With E[X∗] = eµ+

1
2σ

2

,
we come that pedge ≈ 0.02083.

In typical GNNs, over-smoothing limits depth to three
layers (He et al. 2020; Chen et al. 2020). For k = h = 3, we
have η3→3 = c2, implying that the semantic interaction ra-
dius in Gs is c2 times larger than in Gr. Substituting the esti-
mated parameters yields η3→3 = 1.38× 104, indicating that
the generated social graph vastly expands the reach of se-
mantic propagation—bridging distant but related users
across orders of magnitude shorter paths.

Theoretical Analysis of Alignment and Uniformity
in Dual-View Contrastive Learning
Following advances in visual representation learning (Wang
and Isola 2020), contrastive loss optimization has been
shown to improve two fundamental properties of represen-
tation learning, alignment and uniformity, defined as:

lalign ≜ E(x,x+)∼ppos

[
∥f(x) − f(x+)∥2

]
,

luniform ≜ log Ex,y∼pdata

[
e−2 ∥f(x)−f(y)∥2], (24)

where pdata(·) denotes for the distribution of data and
ppos(·, ·) stands for the distribution of positive pairs. f(·)
indicates l2-normalized representations, then:

∥f(x)− f(y)∥2 = 2− 2 sim(x, y), sim(x, y) = f(x)⊤f(y).
(25)
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By substituting Eq.25 into the original definitions, both
losses can be written purely in terms of pairwise similarity:

lalign = 2− 2E(x,x+)∼ppos

[
sim(x, x+)

]
,

luniform = −4 + logEx,y∼pdata

[
e4 sim(x,y)]. (26)

Here, lalign decreases linearly as the positive-pair similarity
grows, directly promoting semantic closeness, while luniform
imposes an exponential penalty on globally high similarity,
encouraging an even spread of embeddings. Eq.26 reveals
that both properties are governed by the similarity distribu-
tion across the dataset. Building on recent analyses of con-
trastive loss landscapes (Chuang et al. 2022), we derive the
partial derivatives of the InfoNCE loss w.r.t. positive and
negative similarities, thereby elucidating how our dual-view
contrastive framework differentially modulates gradients to
balance alignment and uniformity.

For convenience, let s = {s+, {s−i }Kj=1}, where s+ =

sim(z, z+) denote the similarity between the anchor z and
its positive sample z+ and s−j = sim(z, z−j ) the similarity
between z and the j-th negative sample z−j . Hence, the In-
foNCE loss can be derived by the normalization term Z as:

LInfoNCE(s) = logZ − s+

τ
, Z = exp

( s+
τ

)
+

K∑
j=1

exp
( s−j

τ

)
.

(27)
Taking the partial derivative of L w.r.t. the positive similarity
s+ yields:

∂L

∂s+
=

∂

∂s+

(
−s+

τ
+ logZ

)
= −1

τ
(1− p+), (28)

where p+ = exp(s+/τ)/Z is the softmax probability of
the positive pair. Similarly, differentiating L w.r.t. a negative
similarity s−j gives:

∂L

∂s−j
=

∂

∂s−j
logZ =

1

τ
p−j , (29)

where p−j = exp(s−j /τ)/Z is the softmax probability as-
signed to the j-th negative pair.

By applying Eqs.28 and 29, the gradients admit a di-
rect interpretation in terms of their softmax weights, linking
the distribution of pairwise similarities to the forces driv-
ing alignment and uniformity. As the positive similarity s+

increases, p+ grows, causing −1/τ(1 − p+)—and thus the
attractive term ∂L/∂s+—to shrink. In contrast, as p−j in-
creases with s−j , so does repulsive push ∂L/∂s−j .

From this perspective, the noise-augmented view, pairs
are sampled within the same semantic category (e.g.
user–user or item–item). This leads to consistently high pair-
wise similarity s, with highly similar positive pairs and hard
negative pairs, yielding large softmax weights p+ and p−j .
The resulting imbalance in gradients, namely the small mag-
nitude of ∂L/∂s+ on positive pairs and the large magni-
tude of ∂L/∂s−j on hard negatives, applies strong repulsion
to ambiguous samples, dispersing them in the embedding
space and enhancing uniformity.

The semantic-explored view forms cross-layer user–item
pairs, where fused user embeddings also encode social re-
lations absent from item embeddings. This yields positive
pairs with low initial similarity s+ and easy negative pairs
with low similarity s−j . Reversing the previous gradient pat-
tern, the imbalance now drives optimization to pull semanti-
cally related positives closer, enhancing alignment.

In combination, the two views modulate attraction and re-
pulsion in a complementary manner: the noise-augmented
view enforces global separation to prevent collapse, while
the semantic-explored view sharpens local semantic cohe-
sion. The dual-view framework thus yields embeddings that
are both evenly distributed and semantically coherent.

Figure 4: Training trajectories of lalign and luniform for differ-
ent ablation settings on the Flickr dataset. Values of Hit Ra-
tio@5 for each variant are indicated in parentheses. For both
lalign and luniform, lower scores indicate better performance.

Empirical Verification. The training trajectories in Fig. 4
on Flickr reveal complementary roles of the two views.
Without the Noise-augmented View (w/o NV), uniformity
starts low and improves slowly; without the Semantic-
explored View (w/o SV), uniformity is high from the outset
but alignment remains weak. SGMT integrates both, with
SV driving rapid alignment gains and NV maintaining uni-
formity for balanced optimization. Removing both views
(w/o both) yields neither separation nor cohesion. In later
epochs, the full model slightly trades uniformity for align-
ment, reflecting a balance between the two objectives.

Experiments
Datasets
Experiments are conducted on three datasets, Flickr (Cha,
Mislove, and Gummadi 2009), Ciao, and Yelp (Jiang et al.
2024; Sun et al. 2025), using a 5-core setting that retains

Data Flickr Ciao Yelp
# Users 5,642 5,836 4,846
# Items 21,176 10,708 5,695

# Interaction 199,500 142,805 142,950

Table 2: Statistics of datasets.
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Dataset Metric BPR LightGCN SGL SimGCL DirectAU CGCL SHaRe RGCML SGMT Improve

Flickr

H@5 0.0018 0.0048 0.0050 0.0056 0.0053 0.0056 0.0051 0.0055 0.0061 8.9%
P@5 0.0027 0.0075 0.0077 0.0086 0.0082 0.0087 0.0077 0.0083 0.0094 8.0%
R@5 0.0024 0.0057 0.0059 0.0069 0.0071 0.0069 0.0068 0.0072 0.0084 16.7%
N@5 0.0033 0.0090 0.0091 0.0105 0.0103 0.0105 0.0098 0.0103 0.0118 12.3%

Ciao

H@5 0.0250 0.0420 0.0452 0.0458 0.0464 0.0471 0.0435 0.0465 0.0496 5.3%
P@5 0.0281 0.0454 0.0489 0.0496 0.0502 0.0511 0.0471 0.0485 0.0538 5.2%
R@5 0.0281 0.0452 0.0484 0.0512 0.0513 0.0526 0.0489 0.0510 0.0555 5.5%
N@5 0.0358 0.0600 0.0643 0.0655 0.0673 0.0670 0.0624 0.0645 0.0713 5.9%

Yelp

H@5 0.0202 0.0359 0.0381 0.0399 0.0400 0.0389 0.0375 0.0387 0.0418 4.5%
P@5 0.0258 0.0459 0.0487 0.0511 0.0512 0.0498 0.0479 0.0499 0.0535 4.4%
R@5 0.0236 0.0426 0.0444 0.0463 0.0458 0.0470 0.0453 0.0460 0.0505 7.4%
N@5 0.0315 0.0580 0.0608 0.0633 0.0640 0.0645 0.0613 0.0639 0.0678 5.1%

Table 3: Overall Top-5 recommendation performance comparison of different recommender models.

Dataset Flickr Ciao Yelp

Method H@5 P@5 R@5 N@5 H@5 P@5 R@5 N@5 H@5 P@5 R@5 N@5

w/o both 0.0053 0.0082 0.0068 0.0099 0.0438 0.0475 0.0482 0.0623 0.0371 0.0475 0.0431 0.0597
w/o SV 0.0059 0.0091 0.0081 0.0114 0.0461 0.0499 0.0513 0.0667 0.0392 0.0502 0.0462 0.0623
w/o NV 0.0059 0.0091 0.0084 0.0113 0.0468 0.0506 0.0522 0.0671 0.0399 0.0511 0.0465 0.0644
SGMT 0.0061 0.0094 0.0084 0.0118 0.0496 0.0538 0.0555 0.0713 0.0418 0.0535 0.0505 0.0678

Table 4: Experimental results of ablation study.

users and items with a minimum of five interactions. Sum-
mary statistics are provided in Table 2.

Baselines and Evaluation Metrics
We benchmark SGMT against four categories of baselines:
a traditional method (BPR (Rendle et al. 2009)); collabora-
tive filtering approaches (LightGCN (He et al. 2020), Direc-
tAU (Wang et al. 2022)); contrastive learning-based meth-
ods (SGL (Wu et al. 2021b), SimGCL (Yu et al. 2022),
CGCL (He et al. 2023)); and social recommendation meth-
ods SHaRe (Jiang et al. 2024), RGCML(Xiong et al. 2025).
Top-K recommendation performance is evaluated by four
standard metrics: Hit Ratio (H), Precision (P), Recall (R),
and NDCG (N), with K set to 5.

Performance Comparison
Table 4 presents the comparative analysis, with the fol-
lowing key observations: (1) Overall superiority. SGMT
achieves the highest scores across all datasets and met-
rics, with relative gains over the strongest baseline rang-
ing from 4.4% to 16.7%. (2) Strength in extreme sparsity.
The largest improvements occur on the highly sparse Flickr
dataset, with +8.9% in H@5 and +16.7% in R@5, show-
ing the benefit of interest-aware social link generation in
compressing long collaborative paths and enabling higher-
order signal propagation. (3) Robustness in moderate spar-
sity. On the moderately sparse Ciao and Yelp datasets,
SGMT still outperforms all baselines, achieving 5.2–5.9%
and 4.4–7.4% improvements in top-5 metrics, indicating

its effectiveness beyond extreme sparsity. (4) Advantage
over social recommendation SGMT also surpasses SHaRe,
highlighting that its gains stem from both leveraging social
structures and refining embeddings via its dual-view CL.

Ablation Study
To evaluate the contribution of each auxiliary view in fine-
tuning the main module, we perform ablation studies on all
three datasets. As shown in Table 4, “w/o both”, “w/o SV”,
and “w/o NV” indicate the removal of both auxiliary views,
the Semantic-explored View, and the Noise-augmented View,
respectively. The results confirm that each view offers a
measurable performance gain, underscoring their comple-
mentary roles in enhancing model effectiveness.

Conclusion
In summary, we tackle two challenges in GNN-based rec-
ommendation: (1) the inability of shallow networks to cap-
ture high-order dependencies under sparse interactions, and
(2) the underuse of complementary CL views for represen-
tation optimization. We propose SGMT, which constructs an
interest-aware synthetic social graph, theoretically proven to
compress collaborative paths and improve access to high-
order signals. Additionally, we design two complementary
contrastive modules, the Noise-augmented View and the
Semantic-explored View, with theoretical guarantees that
they enhance uniformity and alignment, respectively. Ex-
tensive experiments on three real-world datasets confirm
SGMT’s superiority over state-of-the-art baselines.
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Veličković, P.; Cucurull, G.; Casanova, A.; Romero, A.; Liò,
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