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Abstract

A multimodal recommendation system (MRS), which lever-
ages rich multimodal information to model user preferences,
has recently attracted significant research interest. Most ex-
isting MRSs focus primarily on developing sophisticated en-
coders for feature extraction, typically relying on simple
aggregation of interaction-based features for final predic-
tions. However, this conventional paradigm fails to account
for the critical semantic difference between high- and low-
rating interactions: while high ratings indicate user prefer-
ence, low ratings explicitly convey dissatisfaction. Such over-
sight of negative feedback semantics may significantly limit
the system’s recommendation performance. Recently, sign
graphs—which model positive and negative feedback signals
separately—have gained considerable attention. Inspired by
this approach, we propose Sign-Aware Multimodal Graph
Recommendation (SiMGR), a novel framework incorporat-
ing signed graphs into multimodal recommendation systems.
SiMGR fuses multimodal features with signed interactions in
a unified graph framework by integrating modality-specific
representations and applying user-level thresholds to sepa-
rate positive and negative subgraphs. A balanced pseudo-edge
augmentation strategy is introduced to alleviate sparsity and
enhance generalization. Experiments on three public multi-
modal recommendation datasets show that SiMGR outper-
forms state-of-the-art baselines, achieving an average 4.28%
improvement in NDCG@20.

1 Introduction
Recommendation systems (RS) constitute a fundamental
component of online ecosystems, enabling services to fil-
ter information and deliver personalized content based on
user preferences and behavioral patterns (Aljunid, Manjaiah
et al. 2025; Anand and Maurya 2025). The explosive growth
of multimedia content on digital platforms has driven the
development of advanced multimodal recommendation sys-
tems (MRSs) (Xu et al. 2025b; Malitesta et al. 2025), which
utilize rich item-side information to build more comprehen-
sive models, surpassing unimodal methods and overcoming
their inherent limitations (Liu, Li, and Nie 2025; Liao et al.
2025). Current approaches (Guo et al. 2024; Xu et al. 2025a)
capitalize on the expressive power of Graph Convolutional
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Networks (GCNs) to model user-item interactions and ex-
pand them into item-item graphs enriched with multimodal
information.

However, existing MRSs often overlook negative inter-
actions (e.g., post-purchase low ratings), mistakenly treat-
ing disliked items as preferred and reducing model accuracy
(Heshmati et al. 2025; Liu et al. 2025a). To further substan-
tiate that user-item interactions do not inherently represent
positive feedback signals, we conducted two sets of con-
trolled experiments. The first configuration followed con-
ventional practices by treating all user ratings (spanning 1-
5) as positive interactions (green bars in Figure 1), while the
second configuration (blue bars in Figure 1) retained exclu-
sively high-rating interactions (scores 4 and 5) for training.
The experimental results demonstrate that low-rating data
adversely affects recommendation precision.
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Figure 1: The effect of negative interaction data on Baby and
Sports datasets

By distinguishing and encoding positive and negative in-
teractions separately, sign-aware models (Derr et al. 2018;
Zhang et al. 2024; Heshmati et al. 2025) better capture user
preferences compared to unsigned approaches (Seo et al.
2022; Huang et al. 2023; Liu et al. 2025a). Figure 1 shows
that LSGRec (Liu et al. 2025a)’s performance improves
significantly when negative feedback is incorporated (pur-
ple bars) versus positive-only feedback variants (blue/green
bars). Our results reveal significant performance gaps be-
tween unimodal approaches (e.g., signed method LSGRec
and unsigned method LightGCN) and multimodal methods.
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This suggests that incorporating both positive and negative
feedback into multimodal frameworks could substantially
improve recommendation performance.

Nevertheless, integrating positive and negative feedback
into MRSs remains non-trivial challenges. (i) The appro-
priate modeling of items’ auxiliary information in con-
junction with newly introduced signed graph structures is
paramount—inadequate synergy between these components
may result in detrimental effects on system performance.
(ii) Current signed graph partitioning methods rely on rigid
system-level thresholds (e.g., ratings<3 as negative), ignor-
ing personalized rating behaviors. In e-commerce systems,
generous raters may express dissatisfaction through rela-
tively low scores within their typically high-rating patterns,
while stringent raters might indicate satisfaction through rel-
atively high scores within their usual low-rating tendencies.
For example, a rating of 3 could signify satisfaction for a
strict rater (User A) but dissatisfaction for a lenient one
(User B). This limitation underscores the need for personal-
ized threshold mechanisms that consider fine-grained user-
specific rating patterns. (iii) Decomposing user-item graphs
into signed positive and negative subgraphs leads to spar-
sity, requiring tailored data augmentation to enhance graph
connectivity through additional edge generation.

To this end, we propose SiMGR, a novel Sign-aware Mul-
timodal Graph Recommendation framework that captures
user preferences more precisely than traditional implicit
modeling. It unifies multimodal item features (e.g., textual
and visual) with signed interactions in a structured graph-
based architecture, enabling joint optimization of prefer-
ence learning and signal alignment. The Signed Graph Aug-
mentation (SGA) module explicitly integrates positive and
negative user-item interactions into the multimodal recom-
mendation process. To account for individual differences in
feedback interpretation, we introduce the Personalized Sign
Threshold (PST) module, which adaptively assigns thresh-
olds based on historical behavior to distinguish genuine pos-
itive and negative signals at the user level, thereby enhancing
personalized preference modeling. To address signed graph
sparsity, we design the Adaptive Pseudo Feedback Injec-
tion (APFI) module, which selectively augments the pos-
itive and negative adjacency matrices to enrich the graph
structure. Particularly: (1) For tail items with limited ex-
posure opportunities, we introduce pseudo-positive edges
when they exhibit strong semantic alignment with user pref-
erences, compensating for their sparse interaction patterns;
(2) For frequently exposed head items, we construct pseudo-
negative edges when they demonstrate significant semantic
divergence from user preferences, interpreting their interac-
tion absence as potential dislike. This exposure-aware edge
augmentation framework simultaneously mitigates the cold-
start problem for tail items while calibrating recommenda-
tion relevance for head items.

The key contributions are summarized as follows:
• To the best of our knowledge, we are the first to pro-

pose SiMGR, a signed multimodal graph recommenda-
tion framework that explicitly models positive/negative
feedback through signed graphs to fully leverage user
rating semantics. It integrates these signals with mul-

timodal data via a novel Signed Graph Augmentation
(SGA) module.

• We introduce the Personalized Sign Threshold (PST)
module to model user-specific preference boundaries and
design the Adaptive Pseudo Feedback Injection (APFI)
module to address graph sparsity by adding tailored
pseudo-edges.

• Extensive experiments on three public datasets show
SiMGR outperforms state-of-the-art baselines by 4.36%
in Recall@20 and 4.28% in NDCG@20 on average.

2 Related Work
Multi-modal recommendation system has become a fun-
damental infrastructure of today’s internet platforms. By
modeling multimodal information and user-content interac-
tions, it delivered accurate personalized recommendations.
In graph-based recommendation methods, some studies con-
structed user-item bipartite graphs (Wei et al. 2019; Yi et al.
2022; Guo et al. 2024) to represent user preferences from
interaction data. Another line of research focused on con-
structing item-item relationships (Lei et al. 2023; Xu et al.
2025a) to capture modality-aware collaborative relation-
ships. In addition, some works improved models through
higher-order modality processing (Shang et al. 2023; Yi
et al. 2024a; Jiang et al. 2024; Liu and Lu 2025; Peng, Fu
et al. 2025), effectively enhancing recommendation perfor-
mance. Recently, researchers have delved deeper into mul-
timodal information (Yi et al. 2024b; Xu et al. 2024; Wang
et al. 2025; Wang, Liang et al. 2025), leveraging important
semantic knowledge from each modality to enhance item
representations. For instance, TMLP (Huang et al. 2025)
uses a pure MLP to model user-item interactions and multi-
modal features jointly. Moreover, many GNN-based recom-
mendation systems focus on high-rating interactions to im-
prove accuracy, but effectively modeling low ratings remains
challenging. Early works (Derr et al. 2018; Kim, Lee et al.
2023) introduced sign-aware graph recommendation mod-
els using balance theory for more accurate user-item signal
propagation. Other approaches (Shen et al. 2018) focused
on reconstructing sparse negative links. Subsequent methods
(Huang et al. 2021; Zhang, Liu et al. 2023; Seo et al. 2022;
Liu et al. 2025a) constructed signed bipartite graphs incor-
porating both positive and negative edges to enhance repre-
sentation learning. Recent advances (Chen et al. 2024; Liu
et al. 2025b) further improved performance through graph
denoising and architectural optimization.

3 Preliminaries
Symbol and Notation Setup. In RS, the core input is a set of
historical user-item interactions with associated ratings. Let
u ∈ U and i ∈ I denote a user and an item, respectively. The
capacity is M = ∣U∣, N = ∣I∣. We construct a user-item
rating matrix R ∈ {0, wu,i}M×N , where wu,i represents the
rating given by user u to item i. Then, a bipartite graph G =

(U ∪ I, E) is formulated to model the interaction structure.
Nu denotes items directly interacted with by user u, and Ni

denotes users directly interacted with item i. In non-signed
graph recommendation methods, wu,i = 1, yielding Rb, a

15226



binary interaction graph. For simplicity, we define A ⇐ Rb

operation as: A = ( 0 Rb

R
T
b 0

) ∈ R(M+N)×(M+N), where A

is designated as the adjacency matrix.
Multimodal recommendation system (MRS). It jointly

models interactions and multimodal item features, where
H

v
∈ RN×dv

(visual) and Ht
∈ RN×dt

(textual) are as-
sociated with individual item representations hv

i ∈ Rd
v

and

h
t
i ∈ Rd

t

, respectively. Given {G,A, Hv
, H

t}, MRS gener-
ates user and item embeddings E∗

∈ R(M+N)×d by fusing
interaction graph embeddings (IGE) and modality graph em-
beddings (MGE), with the Bayesian Personalized Ranking
(BPR) (Rendle et al. 2009) loss. It is formulated as follows:

LBPR = − ∑
(u,i,j)

lnσ(yui − yuj), (1)

where yui = e
∗T
u ⋅ e∗i , and e∗u, e

i
i denote individual user and

item embeddings extracted from E
∗. Also, σ is the sigmoid

function. Here, (u, i) ∈ {Rb∣wu,i = 1} is the historically
interacted user-item pairs, and (u, j) is randomly sampled
non-interacted pairs.

Interaction Graph Embedding. MRSs model high-
order connectivity patterns via message propagation on the
user-item graph, with ID embeddings serving as initial node
representations (E0

= E
id). Formally:

E
l
= (D− 1

2AD− 1
2 )El−1

, E
id
ig =

1

L + 1

L

∑
l=0

E
l (2)

A lightweight Graph Convolutional Network (LGCN) (He
et al. 2020a) is used, where D is the diagonal matrix of
A. Hidden layers are aggregated via mean pooling to obtain
E

id
ig ∈ R(M+N)×d, modeling interaction-based information.
Modality Graph Embedding. Given the semantic dis-

parities among modalities and the heterogeneous dimen-
sionalities of pre-trained feature extractors, MRS projects
multimodal features hvi , h

t
i of items into a shared embed-

ding space Rd to facilitate consistent modeling on the in-
teraction graph, as: h̊vi = W

T
v ⋅ hvi , h̊

t
i = W

T
t ⋅ hti, where

Wv ∈ Rd
v×d

,Wt ∈ Rd
t×d are trainable parameters. For

each user u, we aggregate their first-order neighbors to de-
rive multimodal representation: h̊vu = 1 / ∣Nu∣∑i∈Nu

h̊
v
i ,

with h̊
t
u obtained similarly. Let m ∈ {v, t}, we concate-

nate the user and item embedding h̊mu , h̊
m
i to form the mul-

timodal matrix H̊
m

∈ R(M+N)×d. These are used as in-
put to the LGCN (He et al. 2020a), producing modality-
specific embeddings via: E̊m,p

= (D− 1
2AD− 1

2 )E̊m,p−1,
p ∈ {1, ...P }, with E̊

m,0
= H̊

m. The final layer E̊m,P

captures modality-related information. The two modalities
are fused using mechanisms such as weighted (Yu et al.
2023) or linear attention (Guo et al. 2024), resulting in
E̊ = Fuse(E̊v,P

, E̊
t,P ). Finally, MRS combines interac-

tion graph embedding and modality graph embedding to ob-

tain final representations, as follows:

E
∗
= E

id
ig + E̊ (3)

With E∗, the overall loss of MRS is calculated as: L =

LBPR+λr∣∣Θ∣∣, where Θ denotes all learnable parameters,
and λr is the regularization coefficient.

Sign-aware Recommendation System (SRS). In multi-
modal recommendation method, the interaction graph G is
built with binary edges indicating user-item interaction. A
signed graph, by contrast, retains actual ratings and splits
into positive and negative subgraphs G+ = {U ∪ I, E+}
and G− = {U ∪ I, E−} based on a predefined threshold
δ, where E+ = {(u, i, 1)∣wui − δ > 0, (u, i, wui) ∈ E},
E− = {(u, i, 1)∣wui − δ ≤ 0, (u, i, wui) ∈ E}. The binary
signed graphs R+b and R

−
b generate feedback-specific em-

beddings, which are subsequently fused into the final rep-
resentations e∗u, e

∗
i , using a sign cosine loss (Huang et al.

2023). The loss function is formulated as follows:

Lsign = {1 − cos(e
∗
u, e

∗
i ), if (u, i) ∈ E+

γ ⋅max(0, cos(e∗u, e∗i ) − ψ), if (u, i) ∈ E−,
(4)

where γ and ψ are hyperparameters. Therefore, the overall
loss function of the sign-aware recommendation system is
formulated as: L = LBPR + λsLsign + λr∣∣Θ∣∣, where λs
denotes the coefficient of sign-related loss.

4 Methodology
In this section, we present SiMGR through a detailed de-
scription of its components. The overall framework of the
SiMGR is shown in Figure 2, consisting of Signed Graph
Augmentation, Personalized Sign Threshold, and Adaptive
Pseudo Feedback Injection.

4.1 Signed Graph Augmentation (SGA)
This work introduces a novel approach by leveraging signed
graphs to separate user-item interactions (rated from 1 to 5)
into positive and negative feedback by setting δ = 3 as in
previous works (Liu et al. 2025a; Huang et al. 2023), thereby
improving the modeling of users and items. We propose an
augmented graph structure based on signed information and
employ additional graph convolution operations to provide
stronger support for multimodal recommendation tasks.

To encode the positive graph G+, we calculate following
equation:

Ė
+(l+1)

= D
+− 1

2A+
D
+− 1

2 Ė
+(l)

, (5)

where A+
⇐ R

+
b , and A+

∈ R(M+N)×(M+N) is the posi-
tive adjacency matrix. D+ is the diagonal matrix with D+

ii =

∑j A
+
ij . Then, we get the final positive embedding as:

Ë
+
=

1

(L + 1)
L

∑
l=0

Ė
+(l)

, (6)
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Figure 2: The framework of SiMGR

where Ė+(l) is the trainable embeddings at the l-th layer.
Equations (5) and (6) can be rewritten as:

ė
+(l+1)
u = ∑

i∈N+
u

1

Γui
ė
+(l)
i , ė

+(l+1)
i = ∑

u∈N+
i

1

Γui
ė
+(l)
u , (7)

where Γui =

√
∣N+

u ∣∣N+
i ∣, N+

u and N+
i denote the sets of

items connected to user u and users connected to item i in
the positive graph G+, respectively.

And then, the final positive collaborative embeddings can
be obtained by a mean pooling operation as follows:

ë
+
u =

1

(L + 1)
L

∑
l=0

ė
+(l)
u , ë

+
i =

1

(L + 1)
L

∑
l=0

ė
+(l)
i , (8)

where ë+u and ë
+
i denote the final positive representations

of user u and item i, respectively. For negative feedback,
we propose to apply a new module to encode the negative
edges, which consists of one GNN layer and an MLP layer,
formally:

Ë
−
=MLP (D−−

1
2

A−
D
−−

1
2

Ë
+), (9)

where A−
⇐ R

−
b , and A−

∈ R(M+N)×(M+N) is the nega-
tive adjacency matrix, D− is the diagonal matrix. In equa-
tion (9), we aggregate the final negative embeddings Ë− by
passing the positive embedding Ë+ through a GNN layer for
structural aggregation, followed by an MLP to refine the rep-
resentation. The MLP helps model heterophilic interactions,
where linked nodes are more likely to be dissimilar (Zhu,
Yan et al. 2020).

Then, we conduct a linear attention layer to combine both
full user-item interaction representations Eid

ig , positive in-
teraction representations Ë+, and negative interaction rep-
resentations Ë−, as follows:

E
id
ig (new) = Eid

ig +ReLU(w+ + w−), (10)

where w+, w− are calculated as follows:

w
+
= a[0]⊙ Ë

+
, w

−
= a[1]⊙ Ë

−
, a = Fs([a+, a−]),

a
+
=

Ë
+
Ẅ

+

Ë+Ẅ+ + Ë−Ẅ−
, a
−
=

Ë
−
Ẅ

−

Ë+Ẅ+ + Ë−Ẅ−
,

(11)
where Ẅ+

, Ẅ
−
∈ Rd are learnable weights, and Fs denotes

Softmax function. Thereafter, we replace the first term in
Equation (3) withEid

ig (new), thereby obtaining the final em-
bedding representation.

4.2 Personalized Sign Threshold (PST)
Although SGA can effectively leverage user ratings (i.e., ex-
plicit feedback), individual users often exhibit distinct rating
behaviors. To model such personalized preference expres-
sion, we propose a customized PST module, which adap-
tively determines user-specific thresholds to differentiate be-
tween positive and negative interactions.

Based on the original user-item rating matrix R, we then
define a boolean mask matrix M , where:

Mui = I(R[u, i] > 0), (12)

where I(⋅) is an indicator function returning 1 if the condi-
tion holds, and 0 otherwise. The average score and the stan-
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dard deviation are calculated as follows:

µu =
∑n

i=1RuiMui

∑n
i=1Mui

, εu =

√
∑n

i=1(Rui − µu)2Mui

∑n
i=1Mui

(13)
Then the final threshold of user u is:

δu = ν ∗ µu − (1 − ν) ∗ εu, (14)

where ν is a hyperparameter, controlling the influence of
user mean ratings and standard deviation (see Section 5.4
for tuning). SiMGR substitutes the threshold δ with a user-
specific threshold δu.

4.3 Adaptive Pseudo Feedback Injection (APFI)
We propose an APFI module to enhance sparse signed
graphs using item multimodal knowledge. Pseudo-positive
edges provide plausible positive feedback signals to un-
interacted items that are semantically aligned with user
preferences, enabling them to receive meaningful informa-
tion propagation paths. Pseudo-negative edges, on the other
hand, supplement reasonable “non-interest” signals where
true negative samples are scarce, preventing bias caused
by insufficient negative interactions. Together, they balance
positive and negative signals, promoting stable and informa-
tive embedding representations.

Firstly, we construct a tail/popular mask to sort the items
by their degrees in ascending order: Isorted

= sort(I, di).
Using a predefined threshold ratio ξ (a hyperparameter de-
tailed in Section 5.4), we obtain the number of tail items
as: Ntail = ⌊ξ ⋅ ∣I∣⌋. The item set is then partitioned
into two subsets: Itail = {iidx ∈ Isorted∣idx ≤ Ntail},
Ipop = I\Itail. We then generate binary masks for popular
and tail items as:

b
tail
i = {True, if i ∈ Itail

False, otherwise
, (15)

where btaili ∈ BN . Then, item similarities are computed
from multimodal features as follows:

S
f
= S

v ⊙ S
t
, s

m
i,j =

h
m

T

i ⋅ hmj
∣∣hmi ∣∣∣∣hmj ∣∣ ,m ∈ {v, t}, (16)

where Sv
, S

t
∈ RN×N represent the item-item similarity

from visual and textual modalities, respectively. Each ele-
ment of the Sm matrix is calculated with a cosine similarity.

For individual user u, the interacted items are:

S
f
u = {S[q,;], q ∈ Nu}, Sf

u ∈ R(∣Nu∣×N)
, (17)

multiply by the tail or popular mask TaCu = S
f
u ⋅

b
tail
i , PoCu = S

f
u ⋅ ¬b

tail
i . We flatten the 2D ∣Nu∣ × N

matrix into a 1D vector of shape 1 × ∣Nu∣N using vec(⋅):
TaCu = vec(TaCu), PoCu = vec(PoCu).

For users linked to tail items, we select the most simi-
lar uninteracted items and inject them into the positive ad-
jacency matrix A+. The positive pseudo-injection (PoPI) is
defined as follows:

PoPI(u)w, PoPI(u) = topQ(TaCu) (18)
Here, Q is set to 20 for all settings. Then, we build the
pseudo-positive interaction matrix R̃+ as:

R̃
+
= {1 i ∈ PoPI(u) & PoPI(u)w > ζ

+

0 otherwise
, (19)

where ζ+ is a hyperparameter discussed in Section 5.4. By
leveraging semantic alignment in multimodal embedding
space, we identify uninteracted tail items with strong user
relevance. These items are incorporated as pseudo-positive
connections into the positive adjacency matrix R+b , enhanc-
ing the model’s ability to capture implicit user preference
boundaries. For each user linked to popular items, we se-
lect the most dissimilar uninteracted items and add them
to the negative adjacency matrix A−. The negative pseudo-
injection (NePI) is formulated as follows:

NePI(u)w, NePI(u) = topQ(−PoCu), (20)
similarity, we build the pseudo-negative interaction matrix
R̃
− as:

R̃
−
= {1 i ∈ NePI(u) & NePI(u)w < ζ

−

0 otherwise
, (21)

where ζ− is a hyperparameter discussed in Section 5.4. By
adding pseudo-negative edges for items with substantial se-
mantic divergence from user history, we reduce bias from
highly visible items. This strategy decreases model attention
on irrelevant candidates, enhancing focus. Finally, they are
integrated as R+b ← R

+
b + R̃

+ and R−b ← R
−
b + R̃

− to enrich
the graph structure for collaborative learning.

4.4 Optimization
To mitigate the inconsistency between user-item and multi-
modal embeddings, we employ a contrastive learning (CL)
objective using InfoNCE loss (Oord et al. 2018) to enhance
preference modeling and enforce representation alignment.
User side CL loss is formulated as:

Lu
cl = ∑

u∈U
−log

exp(eidu ⋅ e∗u/τ)
∑z∈U exp(eidz ⋅ e∗z/τ)

, (22)

where e∗u is from final representations E∗ and e
id
u comes

from the interaction graph embedding Eid
ig (new). Tempera-

ture τ is set to 0.5. The item side CL loss Li
cl follows Equa-

tion (22) similarly. The overall loss is as follows:

L = LBPR + λsLsign + βcl(Lu
cl + Li

cl) + λr∣∣Θ∣∣ (23)
Where βcl controls the intensity of the contrastive loss.

5 Experiments and Analysis
We conducted experiments on three real-world datasets to
address the following research questions: RQ1: How does
SiMGR perform relative to state-of-the-art baselines? RQ2:
How do SiMGR’s key components influence recommenda-
tion accuracy? RQ3: How does hyperparameter variation af-
fect SiMGR’s performance?
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5.1 Experiment Setup
Datasets. We evaluate different methods on Amazon review
datasets (He and McAuley 2016), selecting three real-world
domains: Baby, Sports, and Electronics. All datasets un-
dergo 5-core filtering and are split into train/test/validation
sets at an 8:1:1 ratio. Statistical summaries are presented in
Table 1.

Dataset #User #Items #Interactions Density
Baby 19,445 7,050 160,792 0.117%
Sports 35,598 18,357 296,337 0.045%

Electronics 20,247 11,589 347,393 0.148%

Table 1: Dataset statistics

Baselines. We assess the effectiveness of our method
by comparing it with top-performing approaches in three
categories. (1) Classical Recommendation Methods: BPR
(Rendle et al. 2009), and LightGCN (He et al. 2020b).
(2) Signed-Graph-Based Recommendation Methods: SiReN
(Seo et al. 2022), SiGRec (Huang et al. 2023), and LSGRec
(Liu et al. 2025a). (3) Multi-modal Recommendation Meth-
ods: MGCN (Yu et al. 2023), BM3 (Zhou et al. 2023), Free-
dom (Zhou and Shen 2023), LGMRec (Guo et al. 2024),
DiffMM (Jiang et al. 2024), and TMLP (Huang et al. 2025).

Evaluation Protocol. We employ Recall@K (R@K)
and NDCG@K (N@K) as evaluation metrics, where K ∈

{10, 20}. Early stopping is implemented when Recall@20
on the validation set fails to improve for 20 consecutive
epochs.

Implementation Details. All baselines and SiMGR are
implemented using the MMRec (Zhou 2023) . The learning
rate is set as 0.001. The embedding size is set to 64, and
the batch size is 2048. The GCN layers for the user-item
graph are set to 2. Embedding parameters are initialized by
the Xavier (Glorot and Bengio 2010) and optimized mod-
els with the Adam optimizer (Kingma and Ba 2015). Ex-
periments are implemented on NVIDIA RTX 3090. Code is
given here 1.

5.2 Overall Performance (RQ1)
Table 2 presents Recall and NDCG metrics for multiple
models across three benchmark datasets to evaluate method
effectiveness. The results demonstrate: (1) SiMGR outper-
forms existing multimodal baselines across all datasets,
achieving 5.1%, 4.1%, and 3.8% improvements over the
second-best model in R@20. This performance gain stems
from sign-graph augmentation’s capture of fine-grained pos-
itive/negative information in users’ historical preferences,
while PST and APFI modules enhance signed user-item
interaction graph representations. (2) Certain multimodal
baselines (e.g., LGMRec) perform well on Baby and Elec-
tronics datasets but underperform on Sports due to sparser
user-item interactions. While LGMRec captures global user
preferences through hypergraph construction, it yields sub-
optimal results by ignoring negative feedback information in
user-item interaction graphs. Conversely, SiMGR achieves

1https://github.com/DRec4AI/SiMGR2025
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Figure 3: The different components of SiMGR

superior recommendation performance across datasets with
varying interaction densities. (3) Comparison between tradi-
tional collaborative filtering methods (unsigned: LightGCN;
signed: SiReN, SiGRec, LSGRec) and multimodal meth-
ods reveals that multimodal approaches substantially outper-
form traditional methods across all evaluation metrics. This
confirms that incorporating multimodal information signifi-
cantly enhances recommendation performance.

5.3 Ablation Study (RQ2)
This section presents a comprehensive experimental evalua-
tion of SiMGR’s effectiveness across multiple scenarios and
configurations. SiMGR comprises three core modules: SGA,
PST, and APFI. The ablation study systematically evalu-
ates each component’s contribution through four configu-
rations: (1) Base: baseline model without proposed mod-
ules; (2) Base + SGA: baseline enhanced with SGA only;
(3) Base + SGA + PST (w/o APFI): baseline with SGA and
PST modules, excluding APFI; (4) Base + SGA + APFI
(w/o PST): baseline with SGA and APFI modules, exclud-
ing PST. Figure 3 presents results that support the following
conclusions: (1) SGA demonstrates substantial performance
enhancement across all configurations. The significant im-
provement from Base to Base+SGA across all datasets un-
derscores the critical importance of explicitly encoding both
positive and negative collaborative signals from complex
user-item interactions, thereby strengthening SiMGR’s over-
all performance. (2) Building upon the SGA module, in-
corporating either PST or APFI yields further performance
improvements, while the complete SiMGR model integrat-
ing all three modules achieves optimal results. This demon-
strates that each proposed module contributes meaningful
effectiveness, and their integration produces superior perfor-
mance.

5.4 Hyperparameter Anaylsis (RQ3)
We analyze the impact of the hyperparameter ν, which con-
trols the ratio of users’ mean ratings to standard deviation
in Equation (14), Section 4.2. Statistical analysis reveals
that the average user actions for training datasets are 8.2,
16.1, and 17.1 for Baby, Sports, and Electronics datasets, re-
spectively. Figure 4 presents R@20 (green bars) and N@20
(purple lines) performance on the Baby and Sports datasets.
Based on these results, we set ν = 0.5 for Baby and ν = 0.8
for the Sports datasets. For the Electronics dataset, we set
ν = 0.9. From a scalability perspective, larger ν for dense
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Datasets Baby Sports Electronics
Models R@10 R@20 N@10 N@20 R@10 R@20 N@10 N@20 R@10 R@20 N@10 N@20
MF-BPR 0.0340 0.0557 0.0184 0.0240 0.0423 0.0634 0.0233 0.0288 0.0417 0.0662 0.0238 0.0306
LightGCN 0.0471 0.0750 0.0255 0.0322 0.0557 0.0846 0.0311 0.0386 0.0515 0.0791 0.0299 0.0374
SiReN 0.0429 0.0678 0.0232 0.0296 0.05 0.075 0.0271 0.0334 0.0399 0.0548 0.0278 0.0326
SiGRec 0.0489 0.0770 0.0257 0.0329 0.0524 0.0793 0.0281 0.035 0.035 0.0538 0.0247 0.0308
LSGRec 0.0480 0.0715 0.0264 0.0323 0.0569 0.0849 0.0316 0.0388 0.0287 0.0536 0.0234 0.0315
MGCN 0.0656 0.0984 0.0352 0.0436 0.0743 0.1114 0.0409 0.0504 0.0584 0.0879 0.0338 0.0421
BM3 0.0536 0.0845 0.0289 0.0369 0.0644 0.0968 0.0357 0.0441 0.0516 0.0792 0.03 0.0376
FREEDOM 0.0658 0.1001 0.0349 0.0438 0.0726 0.1096 0.0394 0.0490 0.0564 0.0881 0.0321 0.0409
LGMRec 0.0667 0.0967 0.0364 0.0441 0.0715 0.1064 0.0395 0.0484 0.0572 0.0866 0.0335 0.0416
DiffMM 0.0507 0.0796 0.0276 0.0349 0.0675 0.1014 0.0368 0.0454 0.057 0.0871 0.0314 0.0394
TMLP 0.0649 0.0973 0.0355 0.0438 0.0741 0.1111 0.0405 0.05 0.0551 0.0854 0.0319 0.0403
SiMGR 0.0702 0.1052 0.0382 0.0471 0.0782 0.1160 0.0428 0.0526 0.0592 0.0904 0.0342 0.0428
RelImp 5.247% 5.095% 4.945% 6.803% 5.249% 4.129% 4.645% 4.365% 1.370% 3.849% 1.183% 1.663%

Table 2: Results of baselines and SiMGR where the second best is underlined and the best is in bold.
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Figure 4: Effect of ν on Baby and Sports datasets

data, smaller ν for sparse — balancing mean and deviation
emphasis.

The APFI module requires partitioning items into tail and
popular categories. We employ the hyperparameter ξ (tail ra-
tio) to control these divergent proportions. Figure 5 presents
results across three datasets. We constrain ξ ≤ 0.2, and con-
duct a grid search over [0.05, 0.2] with step size of 0.05.
Figure 5 demonstrates that model performance initially in-
creases, then decreases as ξ increases. When ξ=0.05, per-
formance remains suboptimal, likely because the augmented
edges inadequately address data sparsity issues. Conversely,
when ξ > 0.1, recommendation performance deteriorates,
indicating that larger ξ values excessively classify items as
tail items, introducing noise during pseudo-edge augmenta-
tion and yielding inferior results. Based on experiment re-
sults, we set ξ = 0.1 across all datasets.
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Figure 6: Impact of ζ+, ζ− on Baby and Sports datasets

The positive score ζ+ in Eq. (19) determines the number
of similar items selected for positive pseudo-graph augmen-
tation, where higher values impose stricter selection criteria
(grid search on [0.35, 0.5] with step size 0.05) . Conversely,
the negative score ζ− in Eq. (21) controls the number of dis-
similar items added to negative pseudo-graphs, with lower
values indicating more stringent requirements (grid search
on [0, 0.1, 0.2]) . Figure 6 presents the results of R@20 on
the Baby and Sports datasets. Regarding overall dataset spar-
sity, Sports exhibits the highest sparsity. Therefore, a larger
value is assigned to ζ− to add more pseudo-negative edges.
The average user interaction count is 8.2 for Baby, receiving
a smaller value, that is ζ− = 0.1. For optimal performance,
we set ζ+ = 0.4 across three datasets, while ζ− is configured
as 0.1 for Baby, and 0.2 for Sports, respectively.

6 Conclusion
In this paper, we propose SiMGR, a sign-aware multimodal
graph recommendation framework that addresses the lim-
itation of neglecting negative feedback in existing MRS.
Our approach contributes in three key aspects: (1) enabling
collaborative multimodal feature fusion with positive/nega-
tive interaction signals within a unified graph architecture;
(2) developing a personalized sign threshold strategy for
positive/negative interaction subgraph generation; and (3)
implementing a tailored pseudo-edge injection to address
data sparsity in signed graphs. Experiments on three public
datasets validate SiMGR’s effectiveness and superiority over
SOTA baselines. Our findings underscore the importance of
modeling negative feedback and identifying new directions
for signed graph integration in multimodal recommendation
systems.
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