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Abstract—Multimodal heterogeneous graphs are increasingly
used to model complex systems combining diverse entity types,
relations, and data modalities. While multimodal graph learn-
ing has shown strong empirical performance, existing methods
often rely on uniform cross-modal alignment or indiscriminate
fusion, which can induce negative transfer when modalities are
imbalanced, sparse, or semantically incompatible. In this paper,
we propose a self-supervised, transferability-sensitive framework
for multimodal heterogeneous graph neural networks (S2T-
MMHGNN). Instead of enforcing symmetric alignment, our
approach leverages directional predictive self-supervision to ex-
plicitly estimate inter-modality transferability and uses this signal
to regulate multimodal fusion. This design selectively amplifies
complementary modalities while suppressing unreliable cross-
modal interactions. We provide theoretical analysis establishing
collapse avoidance and monotone fusion behavior under increas-
ing modality incompatibility. Extensive experiments on five real-
world benchmarks demonstrate consistent improvements over
state-of-the-art heterogeneous, multimodal, and self-supervised
baselines, particularly under noisy and sparse multimodal set-
tings.

Index Terms—Multimodal Learning, Heterogeneous Graphs
Learning, Self-Supervised Learning, Transferability Modeling,
Negative Transfer Mitigation, Graph Neural Networks, Multi-
modal Fusion, Statistical Learning

I. INTRODUCTION

Heterogeneous graphs provide a natural abstraction for
modeling complex real-world systems with multiple node
and relation types, such as recommender platforms, review
networks, and multimedia knowledge graphs. In modern ap-
plications, these graphs are rarely purely structural: nodes and
edges are increasingly associated with multiple modalities,
each capturing complementary aspects of the underlying se-
mantics. Learning effective representations from such multi-
modal heterogeneous graphs is therefore a key challenge for a
wide range of downstream tasks, including node classification,
ranking, recommendation, and retrieval.
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Graph representation learning has evolved from random-
walk and proximity-preserving embeddings [1], [2] to graph
neural networks based on neighborhood aggregation and
message passing. In heterogeneous graphs, models such as
HAN [3] exploit type-aware attention and meta-path seman-
tics, while lightweight architectures like LightGCN [4] offer
scalable solutions for interaction graphs. Nevertheless, most
heterogeneous Graph Neural Networks (GNNs) remain largely
structure-centric, either overlooking rich multimodal informa-
tion or treating it as static node attributes without explicitly
modeling cross-modal reliability or compatibility.

To exploit multimodal information, a dominant line of
work attaches modality encoders and applies fusion strategies
such as early fusion, late fusion, attention-based fusion, or
gated fusion [5], [6]. In recommendation and multimedia
graph learning, this has led to effective multimodal graph
baselines, including VBPR [7], MMGCN [8], MGAT [9], and
LATTICE [10], as well as more recent robust or target-aware
fusion designs such as FREEDOM [11] and MONET [12]
and recent work has also shown that combining multimodal
graph learning with sequential modeling can better capture
semantic and temporal dependencies in video recommendation
[13]. Despite these advances, a key assumption is often left
implicit: modalities are treated as mutually beneficial and
broadly compatible, so that aligning or combining them should
monotonically improve representations.

In practice, multimodal observations are often imbalanced,
sparse, and semantically mismatched, so that uniformly align-
ing or indiscriminately fusing modalities can induce negative
transfer, where noisy or incompatible signals degrade represen-
tations. Self-supervised learning (SSL) has proven effective for
leveraging unlabeled graph data through mutual-information
maximization [14], [15], contrastive learning [16]-[18], and
predictive modeling [19], [20]. In multimodal settings, SSL



has also been adopted to align modalities, as in BM3 [21],
SLMRec [22] and mm-hgnn [23] heterogeneity-aware multi-
modal fusion HGNN. However, most existing SSL formula-
tions enforce uniform cross-modal alignment, which can exac-
erbate negative transfer when modalities are weakly correlated
or incompatible. However, existing multimodal SSL objectives
typically treat alignment as the goal, whereas our goal is
to estimate transferability and use it to control cross-modal
interaction.

In this paper, we propose S2T-MMHGNN, a transferability-
sensitive self-supervised framework for multimodal heteroge-
neous graphs that uses self-supervision as a principled tool to
estimate and regulate inter-modality transferability. By model-
ing directional cross-modal predictability rather than enforcing
symmetric alignment, our approach derives a transferability-
based incompatibility signal that directly controls multimodal
fusion, amplifying complementary modalities while suppress-
ing unreliable transfers. This selective, heterogeneity-aware
design addresses the limitations of uniform alignment and is
supported by theoretical guarantees on collapse avoidance and
monotone fusion behavior.

II. RELATED WORK
A. Self-Supervised Learning on Graphs

Self-supervised learning (SSL) on graphs aims to learn
representations from unlabeled data by exploiting structural
and attribute regularities. Early methods preserve proximity
via random walks [1], [2], matrix factorization [24], or au-
toencoders [25]. GNN-based SSL is dominated by mutual-
information maximization (DGI, InfoGraph) [14], [15], graph
contrastive learning with augmented views (GraphCL, JOAO)
[16]-[18], and predictive approaches such as masked modeling
and latent graph prediction [19], [20]. Most methods enforce
that representations from different modalities should be invari-
ant or aligned, assuming that modalities are always consistent
and mutually beneficial.

B. Multimodal Graph Learning and Fusion

Multimodal graph learning extends GNNs to graphs with
multi-source node or edge attributes. Typical pipelines rely on
modality-specific encoders followed by early, late, or interme-
diate (attention/gated) fusion [8]. Graph-based models exploit
relational structure to propagate multimodal signals [10], [26],
while recent work incorporates richer semantic or hypergraph
structures [11], [27]. However, most approaches implicitly
assume that aggregating or aligning modalities is always
beneficial, overlooking redundancy and semantic conflict.
Topological perspectives have also been explored to enhance
multimodal graph learning by capturing higher-order structural
dependencies and improving robustness under sparsity [28].
Multimodal fusion integrates multiple modalities into unified
representations via additive, gated, attention-based, or higher-
order interaction mechanisms [5], [6]. Tensor and polynomial
fusion explicitly model cross-modal interactions [29], [30]
but suffer from high computational complexity. Alignment-
based methods, including CCA and contrastive learning [31],

improve cross-modal consistency but may induce negative
transfer when modalities differ in quality or semantics, mo-
tivating selective and heterogeneity-aware fusion. Together,
these limitations highlight the need for representation learn-
ing frameworks that jointly account for graph heterogeneity,
modality-specific semantics, and controlled cross-modal infor-
mation transfer.

III. METHOD

We propose self-supervised transferability-sensitive for
multimodal heterogeneous graph neural networks (S2T-
MMHGNN), a principled framework that extends multimodal
heterogeneous graph learning with an explicit, self-supervised
modeling of inter-modality transferability. The central thesis of
this work is that self-supervision should not enforce uniform
alignment across modalities, but should instead quantify, reg-
ulate, and selectively control cross-modal information transfer
in the presence of structural and observational heterogene-
ity, thereby preventing negative transfer when modalities are
incompatible. Fig. 1 provides a high-level overview of the
architecture, including modality-wise graph propagation, self-
supervised transferability estimation, and transferability-aware
fusion.

For each modality stream, we learn a graph-aware rep-
resentation using modality-wise heterogeneous propagation.
Then, rather than aligning modalities symmetrically, we learn
directional cross-modal predictors and define a transferability
gap that measures how reliably one modality can explain
another relative to the intrinsic difficulty of the target modality.
Finally, we incorporate this signal into a transferability-aware
fusion mechanism that with a no-negative-transfer guarantee
under mild conditions incompatible transfers.
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Fig. 1: Self-Supervised Multimodal Architecture

A. Problem Setup

Let G = (V,&,¢,¢) be a heterogeneous graph, where ¢ :
YV — A maps nodes to types and ¢ : £ — R maps edges
to relation types. Each node v € )V has a subset of observed
modalities M, C M, and for each m € M, we observe



X,l(,m). We denote the node set where modality m is observed
as Vi, = {v €V :m € M,} and the co-observed set for
modalities (m1,m2) a8 Vi, ms = Ving N Vi,

We view the observed modalities as noisy and possibly in-
complete measurements of shared, task-relevant semantics .S,,.
Formally, each modality is generated conditionally on S,:
X5~ pm(- | S,),m € M,. This assumption merely
motivates learning representations robust to heterogeneous
relations, missing modalities, and negative transfer.

B. Modality-Wise Heterogeneous Graph Propagation

To preserve modality semantics while leveraging relation
heterogeneity, we perform heterogeneous message passing
independently per modality. For layer [ = 0,...,L — 1 and
modality m:

D — Z Z iwr(z,m)Him,z) W
r€R ueN,-(v) Co,r

where N (v) = {u : (u,v) € &, p(u,v) = r} is the -
typed neighborhood, ¢, , is a normalization factor [N, (v)],
W™ e Rdxd g relation-specific and modality-specific. We
use residual connections to mitigate over-smoothing:

g£m7l+1) _ H(m,H—l) +H1()ml) )

v

After L layers, the final modality-wise graph embedding is:
A = g™, 3)

Eq. (1) avoids early cross-modal entanglement: each modal-
ity stream learns a graph-aware summary of its own observa-
tions before any fusion. This is crucial because inter-modality
transferability is not uniform across node types, relations, and
observational regimes.

C. Intra-Modality Self-Supervision

We impose an intra-modality objective that makes each
modality pathway informative on its own. We adopt masked
reconstruction per modality:

— (m)( x (m) 7 (m)
Lura = 3 Buev. (x5, D)), @

where D,, is a modality-specific decoder/head and zﬁ’e’é) is
modality-appropriate. This loss plays two roles:

o Collapse prevention: it excludes trivial constant solutions
for modality streams.

« Intrinsic difficulty baseline: [Zi(:tlr)a (the m-term in Eq. (4))
quantifies how hard it is to learn modality m without
help from other modalities, which will be used to define
transferability.

For clarity, we denote the modality-specific intra loss:

L = (X, D (AN ()

IEUEVm E(m

rec

D. Directional Cross-Modality Predictive Self-Supervision

Instead of symmetric alignment (which can induce negative
transfer), we learn directional prediction to measure how
informative one modality is about another. For each ordered
pair (mq,mg) with my # mg, we learn a predictor G, —m,
and define:

L*’(’"H*sz) —F |:HG (I:[(ml))_s (If[(m2))H2
pred VEVm,mo m1—mo {1y g\ My L1
where sg(-) is stop-gradient. Stop-gradient prevents represen-
tational collapse/shortcutting and makes the prediction error a
reliable transferability signal. If m; can reliably predict mo for
co-observed nodes, then the two modalities share substantial
semantic overlap on the current data distribution. If prediction
is consistently difficult, forcing alignment would likely create
negative transfer.

E. Transferability and Heterogeneity Modeling

We now formalize how cross-modal transferability is quan-
tified and how modality heterogeneity is modeled within S%T-
MMHGNN. The objective is to derive a principled signal that
reflects whether information transfer between two modalities
is beneficial or potentially harmful, and to expose this signal
explicitly for downstream fusion.

We measure transferability from modality m; to modality mo
by comparing the difficulty of predicting the target modality
from another modality against the intrinsic difficulty of mod-
eling the target modality itself. This leads to the following
definition:

T(m1 — mg) = E(m1—>m2) — ﬁgmz) (7)

pred intra*

A small value of T'(m; — mg) indicates that representations
from modality m; are nearly as informative as direct supervi-
sion from modality mo, while larger values indicate unreliable
transfer and a high risk of negative transfer if the modalities
are fused indiscriminately.

Since transferability is inherently directional, we aggregate
the two directions into a symmetric heterogeneity measure that
reflects mutual incompatibility:

d(ml,mg) = T(m1 — ’I’I’Lg) + T(mg — ml), ()
and use its non-negative stabilized form
dy(m1, m2) = max{0,d(m1, ma)}, ©)

which serves as the core signal for regulating multimodal
fusion. Large values of d(m1, msg) correspond to weak mutual
predictability and high modality heterogeneity, whereas values
close to zero indicate redundancy or strong semantic overlap.

The intra-modality reconstruction objective further ensures
that each modality stream remains informative on its own.
In particular, collapsed representations that map all nodes
to a constant embedding cannot minimize the reconstruction
loss. Indeed, if FLEm) = c¢,, for all v, the decoder output
becomes constant across nodes, while reconstruction targets



remain node-dependent due to stochastic corruption and non-
degenerate modality signals. Consequently, the gradient

Vit £ = Buev,, [VaD(em) T Vi) (X0, Dm(cm))(l

(10)
cannot vanish, excluding collapsed solutions and ensuring
meaningful modality-specific representations. When A; > 0
in the final objective, this property directly extends to the full
training loss.

Under squared loss and Bayes-optimal predictors, the trans-
ferability gap admits a statistical interpretation in terms of
conditional unpredictability:

T(ma — ma2) = E[Var(A2) | A0)|-E[Var( 1) | X02)] .

(11
This expression shows that transferability quantifies how much
uncertainty about modality ms remains after conditioning on
modality mg, relative to the uncertainty intrinsic to modality
ms itself.

Finally, under §-optimal training and finite-capacity predic-
tors, the transferability gap concentrates around a Bayes-risk
difference:

~ R*

mi1—rma

— R*

T(my—my) g | X (m2)

(12)

up to approximation and optimization errors, yielding the
bounds

T(m1_>m2) < (R;u%ﬂw - ::m\X("”Z)) + Emy—sm, + 9,
(13)

T(m1 —>m2) > (R:anmQ — R:nQ\X(m?)) — €me,intra — J.
(14)

These relations justify the use of di(mj,mg) as a
principled heterogeneity signal and motivate its role in
transferability-aware fusion.

FE. Transferability-sensitive Fusion (Negative Transfer Con-
trol)

The final step of S’T-MMHGNN consists in fusing
modality-specific representations while explicitly controlling
negative transfer. The core principle is simple: modalities that
are weakly transferable should contribute less to the fused
representation. To this end, we leverage the incompatibility
score d introduced in Section III-E as a direct regulator of
multimodal fusion.

For a node v with observed modalities M,, each modality
embedding H f,m) is assigned a fusion weight that balances two
factors: (i) an intra-modality quality score reflecting the reli-
ability of the modality itself, and (ii) a heterogeneity penalty
that suppresses modalities incompatible with the others. We
first define a transferability-penalized softmax fusion rule. Let
s(+) denote a learnable quality function. The fusion weights
are given by:

exp(S(™) = B et pmy & (mo )

rr(k
EzkeAAveXP(S(}{é))‘*%3§:nyeAAv\{k}d+(k,ﬂ@@)
(15)

agm) = ,

where 5 > 0 controls the strength of transferability regulariza-
tion. This formulation ensures that increasing modality incom-
patibility directly reduces the corresponding fusion weight.

An equivalent and more explicit formulation decomposes
fusion into a quality term and a heterogeneity penalty. Using
s(H) = a"o(WH +b), we define:

~ 1
w,t(]m) = CLTO'(W Hém) + b) —5 W ,Z d+(m,m’),
m'eM,
m’#m
(16)
followed by softmax normalization:
(m)
exp(wy ) Zo= 3 alm agm.
meM,

(k)

ozv(f”) = ,
ZkeMv exp(wy )

a7
Egs. (15) and (17) correspond to equivalent parameterizations
of the same fusion mechanism.

This design induces a monotonic behavior: increasing in-
compatibility scores dy(m,m’) strictly decreases the corre-
sponding fusion score wqgm), and therefore cannot increase
the normalized weight agm) due to the monotonicity of the
softmax function. As a result, incompatible modalities are
automatically down-weighted without requiring hard exclu-
sion. Beyond interpretability, this fusion rule provides an
explicit safeguard against negative transfer. Let ¢(-) denote
the task predictor with Lipschitz constant K, and let the task
loss Liask(-,+) be L-Lipschitz. Let m* denote the best single
modality in expected task risk. For the fused representation

Z, = Z 041(}7”) Hl(}m)’
meMy
the expected task loss satisfies:

Ellras (4 9(Z0))] < E[fras (4 9(H™))]

+IKE| S o™ A - )

m#m*

(18)
By Lipschitz continuity,

Crask (Y, 4(Z)) < lasic(y, q(H™ D)) + LK || Z, — H™||,

(19)
and using the convex structure of Z,,
S N RCICERE
m#m* (20)
<3 o - e
m#m*

As incompatibility scores d(m,m*) increase, the corre-
. . N (m . .

sponding fusion weights o, ’ vanish, causing the excess term
in Eq. (18) to converge to zero. Thus, transferability-aware
fusion guarantees that combining modalities cannot asymp-
totically perform worse than relying on the best individual
modality, while still exploiting complementary information
when transferability is high.



G. Task Objective and Final Loss

Let L.k denote the downstream task loss (classification,
link prediction, ranking). The final objective is:
L= Loas+ M Linra + A2 D LU (21)

mi7#ma

Unlike alignment-based SSL, S2T-MMHGNN selectively reg-
ulates cross-modal interaction based on estimated transferabil-

ity.

The overall time complexity is O(L|M||E]d + |[M*|V|d),
where the second term accounts for directional cross-modality
prediction. Since |M| is small in practice, the complexity
remains comparable to existing multimodal HGNNs.

IV. EXPERIMENTAL EVALUATION

In this section, we present a comprehensive experimental
evaluation of the proposed S?’T-MMHGNN framework. The
primary objective of these experiments is to assess whether
transferability-sensitive self-supervision can improve multi-
modal representation learning on heterogeneous graphs, while
effectively mitigating negative transfer that commonly arises
when uniform cross-modal alignment is enforced in the pres-
ence of modality incompatibility.

We evaluate our method S2T-MMHGNN on five widely used
real-world benchmarks: IMDB, Amazon Appliances, Ama-
zon Electronics, Amazon Clothing, and Yelp. These datasets
exhibit (i) rich node and relation heterogeneity, (ii) diverse
multimodal observations, and (iii) varying degrees of inter-
modality redundancy and incompatibility. Such characteris-
tics make them particularly suitable for stress-testing the
transferability modeling and fusion mechanisms introduced
in Section III. Unless stated otherwise, we expand the label
space to the top 15-20 most frequent categories per dataset.
This setting increases semantic granularity and results in a
more challenging multi-class node classification task, enabling
a more rigorous evaluation of representation quality.

A. Datasets

Table I summarizes the key statistics of the datasets used
in our experiments, including graph size, relational diversity,
and the number of target classes.

TABLE I: Summary statistics of the datasets used in our experiments.

Dataset #Nodes #Edges #Rel. Types #Classes
IMDB 18,620 89,512 8 20
Amazon Appliances 22,134 208,417 8 20
Amazon Electronics 24,803 234,619 9 15
Amazon Clothing 27,645 248,903 9 15
Yelp 41,791 515,200 8 15

a) Evaluation metrics.: We evaluate performance using
three complementary metrics: Macro-F1, Micro-F1, and ROC-
AUC. Macro-F1 emphasizes balanced performance across
classes and is robust to class imbalance, which is prevalent in
real-world multimodal datasets. Micro-F1 reflects overall clas-
sification accuracy. ROC-AUC measures ranking confidence
and is particularly informative for assessing the quality of
learned representations and the effectiveness of transferability-
aware fusion. All reported results correspond to the mean and
standard deviation over five independent runs.

B. Baselines

We compare S?T-MMHGNN against strong and repre-
sentative baselines spanning heterogeneous graph learning,
multimodal fusion, and self-supervised multimodal alignment.

(i) Non-fusion heterogeneous graph models: These methods
focus primarily on structural modeling and do not explicitly
fuse multimodal signals. HAN (WWW’19) [3]: meta-path
attention for heterogeneous information networks. Light GCN
(SIGIR’20) [4]: simplified GCN for user-item interaction
graphs.

(i) Multimodal fusion graph models: VBPR (AAAI’16) [7]:
additive fusion of visual features. MMGCN (MM’20) [8]:
multimodal GCN with late fusion. MGAT (LJIPM’21) [9]:
attention-based early fusion with graph propagation. LAT-
TICE (MM’21) [10]: latent structure mining across modal-
ities. FREEDOM (MM’23) [11]: gated fusion of de-
noised and frozen graph views. MONET (WSDM’24) [12]:
modality-aware GCN with target-aware attention. BM3
(WWW?23) [21]: bootstrap-based multimodal contrastive
learning. SLMRec (TMM’23) [22]: contrastive SSL on mul-
timodal graphs. MM-HGNN (LJCIS’25) [23]: heterogeneity-
aware multimodal fusion HGNN.

C. Experimental Setup

All models are trained under identical experimental condi-
tions to ensure fairness. We fix the embedding dimension to
d = 64 and use L = 4 graph layers. Dropout is selected
from [0.5,0.6], and optimization is performed using Adam
with early stopping on the validation set. Learning rates
are tuned in {10735 x 1074,107*} and weight decay in
{1075,5x1075,1074}.

For S?’T-MMHGNN, we set A; = 1 and Ay = 0.5 to balance
intra-modality and predictive self-supervision, and tune the
fusion regularization coefficient 8 in {0.1,0.5,1.0}. We ob-
serve stable performance across a wide range of these values,
with graceful degradation when transferability regularization
is removed (8 = 0). All experiments are conducted on a single
GPU (NVIDIA GTX 1080 Ti), and results are averaged over
five random seeds.

D. Performance Comparison and Analysis

Table II summarizes node classification results on five
multimodal heterogeneous benchmarks. We report Macro-F1,
Micro-F1, and ROC-AUC, capturing complementary aspects



TABLE II: Node classification results. Best results are highlighted.

Model IMDB Appliances Electronics Clothing Yelp

Macro  Micro AUC | Macro Micro AUC | Macro Micro AUC | Macro Micro AUC | Macro Micro AUC
HAN 0.62 0.65 0.68 0.53 0.59 0.62 0.49 0.42 0.55 0.60 0.62 0.66 0.54 0.59 0.62
LightGCN 0.59 0.64 0.63 0.60 0.62 0.61 0.67 0.57 0.61 0.50 0.54 0.59 0.51 0.57 0.60
VBPR 0.66 0.67 0.72 0.60 0.62 0.66 0.68 0.70 0.74 0.66 0.69 0.62 0.54 0.54 0.56
MMGCN 0.69 0.69 0.75 0.73 0.76 0.77 0.71 0.75 0.66 0.70 0.74 0.75 0.61 0.64 0.61
MGAT 0.71 0.70 0.75 0.73 0.78 0.77 0.72 0.76 0.60 0.66 0.71 0.77 0.62 0.63 0.64
LATTICE 0.80 0.83 0.86 0.81 0.83 0.80 0.80 0.82 0.85 0.72 0.76 0.77 0.75 0.68 0.71
BM3 0.65 0.66 0.77 0.78 0.82 0.83 0.77 0.79 0.80 0.76 0.80 0.82 0.76 0.79 0.76
SLMRec 0.81 0.85 0.84 0.80 0.83 0.85 0.79 0.82 0.84 0.78 0.81 0.83 0.82 0.80 0.86
FREEDOM 0.83 0.85 0.87 0.85 0.89 0.91 0.84 0.88 0.89 0.83 0.87 0.88 0.83 0.83 0.85
MONET 0.81 0.83 0.86 0.84 0.88 0.90 0.83 0.87 0.89 0.82 0.86 0.88 0.84 0.87 0.86
MM-HGNN 0.89 0.88 0.90 0.87 0.93 0.94 0.88 0.91 0.93 0.87 0.91 0.92 0.87 0.89 0.92
S2T-MMHGNN (Ours) 0.91 0.90 0.92 0.88 0.95 0.96 0.89 0.93 0.96 0.88 0.93 0.94 0.89 0.90 0.94

of predictive quality: Macro-F1 emphasizes robustness under
class imbalance, Micro-F1 reflects overall instance-level accu-
racy, and AUC measures ranking confidence and margin sepa-
ration. Across all datasets and metrics, our approach achieves
the best performance, establishing a consistent improvement
over heterogeneous graph baselines, multimodal fusion meth-
ods, and contrastive alignment-based self-supervised models.

Compared to structure-centric baselines (HAN, LightGCN),
S?2T-MMHGNN yields large gains on every dataset, confirm-
ing that graph topology alone is insufficient when semantics
are distributed across text, images, and attributes. For instance,
on IMDB, S2T-MMHGNN improves Macro-F1 from 0.62
(HAN) to 0.91, highlighting the necessity of multimodal
modeling for fine-grained semantic discrimination. Relative
to its direct predecessor MM-HGNN, our approach provides
systematic improvements on all benchmarks, with the most
pronounced gains in ROC-AUC, indicating more separable
and better-calibrated representations. In particular, on Amazon
Electronics, our approach increases AUC from 0.93 to 0.96
(+0.03), suggesting that transferability-sensitive regularization
improves decision margins under noisy and partially incom-
patible modalities. Consistent (though smaller) gains are also
observed on IMDB (Macro-F1 0.89 — 0.91), Appliances
(Micro-F1 0.93 — 0.94), Clothing (Macro-F1 0.87 — 0.88),
and Yelp (AUC 0.92—0.94).

Early/late fusion methods (VBPR, MMGCN, MGAT) improve
over graph-only baselines but remain consistently behind
stronger multimodal graph models (LATTICE, FREEDOM,
MONET), reflecting the limitations of rigid fusion under
modality sparsity and noise. Even for advanced fusion mech-
anisms (e.g., gated or target-aware attention), the absence
of an explicit estimate of transfer reliability can lead to
propagating noisy or weakly related signals. By contrast, S?T-
MMHGNN explicitly models directional transferability and
uses it to regulate fusion, thereby mitigating negative transfer
rather than relying on a fixed notion of complementarity.
Contrastive SSL baselines (BM3, SLMRec) achieve strong
performance, validating the importance of self-supervised sig-
nals in multimodal learning. However, their objective typically
encourages uniform cross-modal alignment, which can be

suboptimal when modalities are weakly correlated, missing,
or semantically misaligned. S’T-MMHGNN consistently out-
performs these methods, especially in ROC-AUC (e.g., 0.96
on Electronics and 0.94 on Yelp), supporting our core thesis:
selective transferability regulation is preferable to universal
alignment in multimodal heterogeneous graphs.

The advantage of our method is particularly evident on datasets
with higher modality sparsity or noise (Appliances, Electron-
ics, Yelp), where avoiding harmful transfer is critical. On Yelp,
where text dominates and auxiliary modalities can be inconsis-
tent, S’T-MMHGNN attains the best AUC (0.94), indicating
robust ranking under heterogeneous relational structure and
noisy observations.

E. Ablation Study

We conduct an ablation study to quantify the contribution
of each major component of S2T-MMHGNN. Specifically,
we evaluate the full model against four variants: (i) w/o
heterogeneous fusion, (ii) w/o residual attention, (iii) w/o
intra-modality SSL, and (iv) w/o predictive (directional) SSL.
Results on IMDB and Yelp are reported in Figure 2.

DB

lp

(a) Ablation results on IMDB (b) Ablation results on Yelp
dataset dataset

Fig. 2: Quantitative ablation analysis of S’T-MMHGNN. The figures
show the performance impact of removing key components.

Removing the heterogeneous fusion module results in
the largest performance degradation across all metrics and
datasets. On IMDB, Macro-F1 and AUC drop sharply, while
on Yelp the degradation is particularly evident in Micro-F1
and AUC. This empirically confirms that naive aggregation of
modalities in heterogeneous graphs leads to negative transfer,
and validates our central claim that cross-modal interactions
must be explicitly regulated through transferability estimation.



Eliminating residual attention consistently degrades perfor-
mance, with a stronger effect on IMDB 2a. This indicates
that residual connections are crucial for stabilizing deep het-
erogeneous message passing and mitigating over-smoothing in
semantically rich graphs. Without intra-modality SSL, Macro-
F1 drops noticeably, especially on Yelp 2b. This suggests
that intra-modality self-supervision plays a critical role in
preserving modality-specific semantics and preventing rep-
resentation collapse, particularly under class imbalance and
modality sparsity. Removing predictive (directional) SSL re-
sults in a consistent performance drop across all settings.
Although fusion remains active, it becomes uninformed by
transferability signals, demonstrating that predictive SSL is
the key mechanism enabling transferability-aware fusion and
explicit negative transfer control.

V. CONCLUSION

In this paper, we introduced S2T-MMHGNN, a
transferability-sensitive  self-supervised framework for
multimodal heterogeneous graph learning that explicitly
addresses  negative transfer arising from modality
incompatibility. Unlike existing approaches that rely on
uniform cross-modal alignment, our method leverages
directional predictive self-supervision to estimate inter-
modality transferability and uses this signal to regulate
multimodal fusion in a selective and heterogeneity-aware
manner. We provided theoretical analysis showing that
the proposed formulation prevents representation collapse
and enforces monotone down-weighting of incompatible
modalities. Extensive experiments on five real-world
benchmarks demonstrate consistent improvements over strong
heterogeneous, multimodal, and self-supervised baselines,
particularly under modality sparsity and noise. Overall, our
approach establishes a principled connection between self-
supervision and controlled cross-modal information transfer,
opening new directions for robust and interpretable multimodal
graph learning. While S?T-MMHGNN explicitly controls
negative transfer through self-supervised transferability
estimation, this signal is inherently data- and objective-
dependent and may vary across distributions or training
regimes. Addressing adaptive calibration of transferability
scores and extending the framework to dynamic or evolving
modalities constitute promising directions for future work.
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