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Abstract

Multi-modal knowledge graph completion
(MMKGC) aims to discover missing facts in
multi-modal knowledge graphs (MMKGs) by
leveraging both structural relationships and di-
verse modality information of entities. Exist-
ing MMKGC methods follow two multi-modal
paradigms: fusion-based and ensemble-based.
Fusion-based methods employ fixed fusion
strategies, which inevitably leads to the loss of
modality-specific information and a lack of flex-
ibility to adapt to varying modality relevance
across contexts. In contrast, ensemble-based
methods retain modality independence through
dedicated sub-models but struggle to capture
the nuanced, context-dependent semantic inter-
play between modalities. To overcome these
dual limitations, we propose a novel MMKGC
method M-Hyper, which achieves the coex-
istence and collaboration of fused and inde-
pendent modality representations. Our method
integrates the strengths of both paradigms, en-
abling effective cross-modal interactions while
maintaining modality-specific information. In-
spired by “quaternion” algebra, we utilize its
four orthogonal bases to represent multiple in-
dependent modalities and employ the Hamil-
ton product to efficiently model pair-wise in-
teractions among them. Specifically, we in-
troduce a Fine-grained Entity Representation
Factorization (FERF) module and a Robust
Relation-aware Modality Fusion (R2MF) mod-
ule to obtain robust representations for three
independent modalities and one fused modal-
ity. The resulting four modality representations
are then mapped to the four orthogonal bases
of a biquaternion for comprehensive modality
interaction. Extensive experiments indicate its
state-of-the-art performance with better robust-
ness. Our dataset and code are available at
https://github.com/zjukg/M-Hyper.

*Corresponding Author.
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Figure 1: A simple example illustrates the difference
between M-Hyper and existing paradigms.

1 Introduction

Multi-modal Knowledge Graphs (MMKGs) (Liu
et al., 2019) expand traditional knowledge graphs
by incorporating additional multi-modal informa-
tion, making them more powerful tools (Chen
et al., 2024) for knowledge representation. This
makes MMKGs valuable for various applications,
including recommendation systems (Wang et al.,
2019a) and natural language processing (Chen
et al., 2023b; Liu et al., 2025). However, like tra-
ditional uni-modal knowledge graphs (Liu et al.,
2024), MMKGs also suffer from incomplete in-
formation (Xie et al., 2017); this limitation has
been ameliorated through Multi-Modal Knowledge
Graph Completion (MMKGC) methods.

As shown in Figure 1, existing MMKGC ap-
proaches fall into two paradigms: fusion-based and
ensemble-based. Fusion-based methods (Zhang
et al., 2025a) achieve cross-modality interaction
via explicit fusion modules or dedicated cross-
modality loss functions. Yet, their reliance on
fixed fusion strategies often leads to suboptimal
representation: crucial unique modality cues can
be lost during fusion, and the model struggles to
flexibly adapt to varying modality salience and syn-
ergies required in distinct reasoning contexts. Con-
versely, ensemble-based methods (Li et al., 2023)
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preserve modality-specific characteristics by em-
ploying independent sub-models, but inevitably fail
to capture subtle inter-modal dependencies and
interactions that are critical for complex reason-
ing scenarios. This highlights a fundamental chal-
lenge: the modality requirements in MMKGs ex-
hibit dynamic, context-dependent, and task-specific
contributions, making rigid adherence to either in-
dependent or fully fused paradigms a significant
limitation to the expressive power and adaptabil-
ity of MMKGC models. Hence, we propose the
following research question: is it possible to de-
velop a method that combines the strengths of
both paradigms, adapting to both fused and
independent modality requirements while dy-
namically enabling comprehensive cross-modal
interactions?

To address these limitations, we introduce M-
Hyper, the first method to model MMKGs in a
hypercomplex space. Inspired by quaternion al-
gebra, where the four orthogonal basis elements
preserve linear independence, M-Hyper explicitly
separates distinct modality representations to re-
tain original modal information and leverages the
Hamilton product to facilitate comprehensive pair-
wise interactions among modalities. To enhance
the robustness of modality representations, we de-
sign two novel modules: Fine-grained Entity Rep-
resentation Factorization (FERF), which yields ro-
bust representations for three independent modali-
ties, and Robust Relation-aware Modality Fusion
(R2MF), which produces one robust fused modal-
ity representation. These four representations are
mapped to the four orthogonal bases of a biquater-
nion, and a biquaternion-based scoring function
is used to fully capture cross-modal semantic in-
formation. Experimental results show that our
M-Hyper achieves state-of-the-art performance on
three MMKGC datasets and exhibits high robust-
ness and computational efficiency. Our contribu-
tions can be summarized as follows:

* We highlight the limitations of existing
MMKGC paradigms and propose a novel
biquaternion-based representation approach
that simultaneously preserves both individual
and fused modalities.

* We propose M-Hyper, the first MMKGC
method operating in a hypercomplex (bi-
quaternion) space, enabling robust coexis-
tence and collaboration of fused and indepen-
dent modality representations.

* Extensive empirical evaluation on three
MMKGC benchmarks demonstrates that M-
Hyper outperforms 18 existing baseline meth-
ods, exhibiting superior robustness and com-
putational efficiency.

2 Related Works

2.1 Hypercomplex-based KG Embedding

Knowledge graph embedding (KGE) aims to
project entities and relations into continuous vec-
tor spaces to capture complex relational pat-
terns. Classic KGE methods include translational
models (e.g, TransE (Bordes et al., 2013)) and
semantic-matching models (e.g., ComplEx (Trouil-
lon et al., 2016)). To enhance representation ca-
pability (Liang et al., 2024), hypercomplex spaces
have been introduced: QuatE (Zhang et al., 2019)
first extends embeddings to quaternion space, im-
proving the modeling of symmetry and hierar-
chy. Subsequently, DualE (Cao et al., 2021) and
BiQUE (Guo and Kok, 2021) further generalize
to dual quaternions and biquaternion spaces, sup-
porting richer relational composition via transla-
tion and rotation. Hypercomplex representations
exhibit strong expressiveness for hierarchical, sym-
metric, and complex relational structures, and have
recently been applied to more advanced KGC sce-
narios (Chung and Whang, 2023). However, prior
hypercomplex-based methods focus only on uni-
modal knowledge graphs, and their potential for
handling rich multi-modal semantics remains un-
derexplored. In contrast, our approach is the first
to leverage biquaternion space for MMKGs, sup-
porting both multi-modality and complex relational
transformations.

2.2 Multi-modal Knowledge Graph
Completion

Existing Multi-modal Knowledge Graph Comple-
tion (MMKGC) methods extend traditional KGC
models by integrating various modalities (e.g.,
structural information in MMKG, as well as im-
age and textual information of entities). From the
perspective of multi-modality modeling, current
MMKGC methods can be categorized into multi-
modal fusion-based methods and multi-modal
ensemble-based methods.

Multi-modal fusion-based methods aim to de-
sign sophisticated multi-modal fusion modules to
achieve modality alignment. Earlier modality fu-
sion methods like IKRL (Xie et al., 2017) and
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TransAE (Wang et al., 2019b) achieve efficient
modality fusion by introducing cross-modal loss
functions, demonstrating the effectiveness of cross-
modal interactions. Furthermore, research commu-
nity continues to propose more complex modal-
ity fusion designs with advanced techniques, such
as OTKGE (Cao et al., 2022) with optimal trans-
fer, AdaMF (Zhang et al., 2024) with adversar-
ial training and MyGO (Zhang et al., 2025a) with
fine-grained multi-modal tokenization. However,
these modal fusion methods rarely preserve inde-
pendent modalities and excessively rely on fixed fu-
sion strategies. Therefore, this paradigm inevitably
introduces information loss during the modality
fusion stage and makes it difficult to adapt to the
flexible modality requirements during the reason-
ing stage.

In contrast, classic modality ensemble methods
like MoSE (Zhao et al., 2022) usually design indi-
vidual sub-models for different modalities, and the
individual representations obtained by these sub-
models are integrated for joint decision-making.
Subsequently, IMF (Li et al., 2023) utilizes tensor
decomposition to fuse multi-modality information
and introduces a sub-model of joint modalities into
the modality ensemble method. We consider this a
promising beginning for achieving joint decision-
making that incorporates both fused and indepen-
dent modalities. After that, MoMoK (Zhang et al.,
2025b) follows this idea and decouples the modal
representations through the MoE network with min-
imizing their mutual information. However, under
the multi-modality ensemble paradigm, the sub-
models lack explicit mechanisms for comprehen-
sive cross-modal interaction, thereby limiting their
overall modeling capability.

3 Preliminaries

Quaternion number system was first proposed
by Hamilton (1844) to extend the complex num-
bers. The algebraic representation of a quaternion
is typically expressed as:

Q = al + bi+ cj + dk, (1)

where the coefficient a is a real number repre-
senting real part, the coefficients b, c,d are real
numbers representing imaginary part, and 1,1, j, k
are the orthogonal basis vectors or basis elements,
which satisfy the following multiplication proper-
ties: il = 1i =1, j1l = 1j = j, k1l = 1k = k,
i2=j2=k’>=-1,ij= -ji=k,jk= —kj=1i,
ki = —ik = j, and ijk = —1.

Hamilton Product can be regarded as “Quaternion
Multiplication”, which is composed of all standard
multiplications of factors in quaternions, defined
as:

Q1 ® Q2 = (araz — biby — c1co — didy)
+ (albg + biag + c1dy — dlcz)i @)
+ (alcg —bidy + cras + dlbg)j
( )

+ (a1da + bica — c1ba + diag)k.

Biquaternions further extend quaternions, and
their algebra can be considered as a tensor product
C ®gr H, where C is the field of complex num-
bers and H is the division algebra of (real) quater-
nions. Biquaternions extend the coefficients of
quaternions to complex numbers, denoted as:

Q= (ar+ai1)+(br+bi1)i+(cr+ci1)j+(dr+di1)k7

3)
where I is the imaginary unit of the complex num-
ber field C, satisfying I> = —1. The algebra
C ®r H satisfies the commutation relations Ii = i,
Ij =jI Ik = kL

Hamilton Product of Biquaternions can be seen
as an extension of the Hamilton product of quater-
nions. Similarly, for two biquaternions )1 =
ar +bii + eij + dik = (arg + ainI) + (b1 +
buI)i + (Cr,l + Ci71I)j + (dr,l + duI)k and Qo =
az + bai + c2j + dok = (ar2 + aj2I) + (b2 +
bi721)i + (cr2 + Ci’QI)j + (dr,Q + diVQI)k, the mul-
tiplication is performed exactly as in Equation 2
for quaternions, but with all coefficients treated as
complex numbers (with I = —1). That is, the
Hamilton product is defined in the same way, with
addition and multiplication of coefficients carried
out in the field of complex numbers C.

4 Methodology

In this section, we introduce M-Hyper, which mod-
els Multi-modal knowledge graphs (MMKG) in
Hypercomplex spaces. As shown in Figure 2, we
utilize the Fine-grained Entity Representation Fac-
torization (FERF) module and the Robust Relation-
aware Modality Fusion (R2MF) module to obtain
robust representations for three independent modal-
ities and one fused modality. These modality repre-
sentations are mapped to the four orthogonal bases
of a biquaternion, enabling unified score modeling.

4.1 Problem Definition

A Multi-modal Knowledge Graph (MMKG) can
be denoted as G = (£, R, T ), where £, R are the
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Figure 2: The overview of our M-Hyper, which integrates the Fine-grained Entity Representation Factorization
(FERF) module and the Robust Relation-aware Modality Fusion (R2MF) module to learn robust representations for
three modalities and their fusion, enabling unified multi-modal knowledge graph modeling in hypercomplex spaces.

entity set and relation set, and 7 = {(h,r,t)|h,t €
E,r € R} represents the set of triples. Addition-
ally, for each entity e € &, its modality information
can be denoted as X'™(e) under a specific modality
m € M. Specifically, X™(e) can be a set of im-
age or textual description for entity e, or structural
information embodied in the KG G.

Multi-modal Knowledge Graph Completion
(MMKGC) models measure the plausibility of each
triple (h,r,t) € T using a score function ¢ to em-
bed the entities and relations into a continuous vec-
tor space. We usually evaluate MMKGC models
with the link prediction task, which requires pre-
dicting the missing head entity or tail entity for a
given query (7,7, t) or (h,r,?). For each candidate
e € &, the score of the triple (h, 7, ¢e) or (e,r,t) is
calculated and then ranked across the entire candi-
date entity set.

4.2 Fine-grained Entity Representation
Factorization

Modality missing (Chen et al., 2023a) and cross-
modal semantic ambiguity (Zhang et al., 2025a)
consistently challenge the robustness of MMKGC
models. These issues not only lead to information
inconsistency across modalities but also introduce
significant noise, making it more difficult to ex-
tract task-relevant semantic information, especially
in scenarios requiring modality-cooperative rea-
soning. To address this problem, we decompose
the representation of each individual modality m
into two complementary semantic subspaces: (1)

modality-specific representation € € R?? and (2)
task-specific representation e € R4,

For modality-specific representation ej’, the
structural embedding e}, is learned from scratch
during training, while textual and visual modality
embeddings are learned from the features extracted
by the pre-trained model (Devlin et al., 2019; Si-
monyan and Zisserman, 2015), denoted as:

Ly PETGT), @
FOI

where m € {t,v}, f : ]Rdm — R?? is 1-layer
MLP, X (e) is the set of modality information for
m modality of entity e, and PE™ represents the
pre-trained encoder. For task-specific representa-
tion e{", they are all learnable embeddings during
training. Among them, visual e} and textual e!
embeddings are initialized by applying PCA to ex-
tract coarse-grained modal information from raw
embeddings.

Furthermore, to ensure task-specific representa-
tions not only retain the unique characteristics of
each independent modality but also enhance cross-
modal collaborative representation capabilities, we
introduce a reconstruction loss:

Z\Igm (e"; {em : 1 # m}) —e|%,

)
where £™ is MLP. This loss requires the modality-
specific embeddings to collaborate with other
modalities to jointly reconstruct the original modal-
ity information. The final embedding is €™ =

TECOTL
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e’ 4 e[ for modality m, and entire module can

be denoted as: &%,&", &' = FERF (e, €', €").

4.3 Robust Relation-aware Modality Fusion

In terms of relation representation, to model both
translation and rotation transformations (Cao et al.,
2021), we define Translation embeddings rT =
|4, rT € R3 and Rotation embeddings r® =
|, xR € R3 for each relation r, and their al-
gebraic representations are denoted as QT and QR.

Relation-aware Gated Fusion. Considering that
modality information required by an entity varies
across different relation queries, we aim to design
a adaptive relation-aware fusion strategy for the
entity’s fused modality embeddings & . Specifically,
we first compute the contribution weights of the
entity’s modality embeddings under relation 7:

= fu (€™t me {s,v,t}  (6)

where f : R — R! are 1-layer MLPs. Then,
when applying softmax to normalize the weights,
we introduce a learnable relation-wise temperature

coefficient 7, to further optimize the weight distri-

bution: @™ (e, r) = %'

during gated fusion process, we also equip entity e
with a task-specific embedding e] € R?? denoted
as:

Consequently,

&l = Z pme" + el me {s,v,t}. (7

Ultimately, we denote the entire relation-aware

gated fusion process as: & = Rel(&%,8",8").

Noise-powered Self-distillation. Chen et al.
(2023a) have found introducing a certain degree
of modality noise into MMKGs can effectively en-
hance the robustness of the model’s entity repre-
sentations. Inspired by this, we aim to enhance the
robustness of dynamic gated fusion by introduc-
ing modality noise. Specifically, given the original
embedding set {e”}}¥, of modality m, we can
calculate the feature mean " = 5 Zl 1 e and
variance ™" = 5 LS N (e — pm)?. Next, we
add Gaussian noise € ~ N(cp , ™) to a cer-
tain ratio 8 of original representations, denoted as:
e% = e® 4 ™. Furthermore, we take the fused em-
bedding obtained without noise éJZ as teacher and
the fused embedding obtained with added noise
éji’ as the student. During the training process, a
self-distillation loss is introduced:

1
Laistin = —
n

®)

where éJ = Rel(FERF (&%, e, e")) is teacher em-
bedding and &’ = Rel(FERF (¥, e", e")) is stu-
dent embeddmg. They share parameters of Rel
and FERF modules. Noise-powered perturbations
enforce embedding consistency and enhance the
fusion gate’s noise robustness.

4.4 Training with Biquaternion-based Score
Function

To enable the coexistence of one fused and three
independent modalities, we represent them respec-
tively as the real part and the three imaginary parts
of a biquaternion for entity e. Its algebraic rep-
resentation is: Q = & + &'i + &'j + ¢’k =
@+ + (@ +eDi+ (& +eT)j+ (e + & I)k
whose all coefficients ™ = [&;é"] € R ar

parameterized as embeddings, and embedding rep-
resentation is the concatenation of all coefficients,

denoted as:
e=[e:e;e; e

= [e:eelielie) e elsel] € RS

r»

€))

Considering that the imaginary units of the quater-
nion field H are symmetric, the permutation of
these modalities does not affect the representation.

Biquaternion-based Score Function. We adopt
a standard semantic-matching (Liang et al., 2024;
Guo and Kok, 2021) strategy to score the plausi-
bility of triple. For a given triple (h,r,t), we first
apply the following algebraic operation to calculate
the embedding of query (h,r,7):

Qn = (Qn ® Q) ® QF, (10)

where & and ® represent addition and Hamilton
product between biquaternions. The addition is
an element-wise sum: Qpr = Qp, ®© QF = (e), +
ri) + (e, +r3)i + (e +ri)j + (), + rjk =
ejh/ +e),i+e),j+e} k for characterizing translation
transformations. Then QT rotates the query via
Hamilton product as shown in Equation 2:

M| 4

Qh” = Qh’ ®Qr Zszkm eh/ rk) u;,
m k=1

(11)

where Hj;.,, denotes the structure constants
uniquely defining the multiplication rules for bi-
quaternion algebra, and u; € {1,1, j, k} indicates
the corresponding basis element, and ® represents
multiplication in complex number field C.
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Figure 3: Compared to existing MMKGC score functions, M-Hyper achieves the most comprehensive modality
interaction and geometric transformation. For detailed formulaic theoretical proofs, please refer to Appendix A.

Optimization Objective. We utilize the stan-
dard vector dot-product between query @} and
tail entity Q, = € + €li + €/j + elk to com-
pute plausibility score: ¢(h,7,t) = (Qpr, Qi) =
[e’}l,,;ez,,;ez,,;e}b,,] . [ejt;e;;ez;e;]T. We optimize
our model using the cross-entropy loss:

V|
Liripe = Y _log(1 +exp(ypd(h, 7, '), (12)

tl

where yy is the ground-truth of the candidate tail
entity ¢’. So the Biquaternion-based score function
can be expressed as: ¢(h,7,t) = (Qn ® QY) ®
QR, Q). As shown in Figure 3, it can achieve the
most comprehensive modal interaction and geo-
metric transformation (translation + rotation). We
provide a more in-depth theoretical proof in Ap-
pendix A. The overall training objective L;ytq; 18
represented as:

['total = Erecon + 'Cdistill + Etriple + Lrega (13)

where we also employ N3 regularization
norm (Lacroix et al., 2018) to prevent overfitting:
Lreg = Alllel 3+ [eI3 + 123 + [le]13) . and
A is a regularization hyperparameter.

S Experiments

5.1 Experimental Settings

Datasets. The experiments are conducted on
three common MMKG benchmarks: DB15K (Liu
et al., 2019), MKG-W (Xu et al., 2022) and MKG-
Y (Xu et al., 2022). To ensure fairness in com-
parison with previous works, we adopt the same
representations of the visual and textual modali-
ties in the original datasets derived from the pre-
trained models VGG (Simonyan and Zisserman,
2015) and BERT (Devlin et al., 2019). DB15K (Liu
etal., 2019) is a subset of DBPedia (Lehmann et al.,
2015) with images crawled from search engines.
MKG-W and MKG-Y (Xu et al., 2022) are derived
from Wikidata (Vrandecic and Krotzsch, 2014) and
YAGO (Suchanek et al., 2007) respectively. The
detailed statistics are shown in Appendix F.

Evaluation Protocols. Link prediction tasks
need to predict the missing entity of a given query
(h,r,?)or (?,r,t) from Ties. Consistent with the
existing works, We use Mean Reciprocal Rank
(MRR) and Hit@K (K=1, 3, 10) to evaluate the
results. MRR and Hlt@K metrics can be cal-
culated as: MRR = |7¥ 1 Eme“ (riz + Ttll)

Hit 0K = L e (15 < K) +1(ry; <
K)), where rp, ; and r¢,; are the results of head pre-
diction and tail prediction respectively. Besides, we
apply filter setting (Bordes et al., 2013) to eliminate
existing facts in the dataset.

Baselines. We select 19 representative MMKGC
methods as our baselines, including: (1) Uni-
modal KGC methods: TransE (Bordes et al.,
2013), ComplEx (Trouillon et al., 2016), Ro-
tatE (Sun et al., 2019), QuatE (Zhang et al., 2019),
DualE (Cao et al., 2021) ,and BiQUE (Guo and
Kok, 2021). These methods only model struc-
tural information of the KGs. (2) Multi-modal
KGC models: fusion-based methods: IKRL (Xie
et al.,, 2017), TransAE (Wang et al., 2019b),
VBKGC (Zhang and Zhang, 2022), OTKGE (Cao
et al., 2022), QEB (Wang et al., 2023), VISTA (Lee
et al.,, 2023), AdaMF (Zhang et al., 2024),
MyGO (Zhang et al., 2025a), K-ON (Guo et al.,
2025), ensemble-based methods: MoSE (Zhao
et al., 2022), IMF (Li et al., 2023), MoMoK (Zhang
et al., 2025b). These methods utilize both the struc-
tural information and multi-modal information in
the KGs, among which K-ON (Guo et al., 2025) is
the most advanced LLM-based method.

Implementation Details. All experiments are
conducted on a Nvidia A800 GPU and imple-
mented with PyTorch. We also add inverse triple
(t,r~1, h) for each observed triple (h,r,t) in train-
set as training samples. We use Adagrad (Duchi
et al., 2011) as the optimizer. For hyperparameters,
batch size is fixed at 1000; and we search the learn-
ing rate o € {0.1,0.05,0.01,0.005}; dimension
of embeddings d € {64,128, 256}; regularization
factors A € {0.01,0.005,0.001} and noise rate
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Model DB15K MKG-W MKG-Y
MRR Hit@l Hit@3 Hit@l0 | MRR Hit@l Hit@3 Hit@l10 | MRR Hit@l Hit@3 Hit@10

TransE 2486 1278 3148  47.07 | 29.19 21.06 3320 4423 | 30.73 2345 35.18 4337

Uni-modal ComplEx | 27.48 1837 31.57 4537 | 2493 19.09 26.69 36.73 | 28.71 2226 3212 4093
KGC RotatE 29.28 17.87 36.12  49.66 | 33.67 26.80 36.68 46.73 | 3495 29.10 3835 45.30
QuatE* 34.18 2542 38091 51.30 | 3450 2894 36.71 46.64 | 36.01 30.53 38.84  43.68

DualE* 3585 2931 3852 5128 |33.94 2755 3656 46.09 | 3495 29.77 3844  43.12

BiQUE* | 38.34 3238 4148 5323 | 3501 2942 3701 46.49 | 36.74 3482 38.25 42.16

IKRL 2682 14.09 3493  49.09 | 3236 26.11 3475 44.07 | 3322 3037 34.28 38.26

TransAE | 28.09 21.25 31.17  41.17 | 30.00 21.23 3491 4472 | 28.10 2531 29.10  33.03

VBKGC | 30.61 19.75 37.18 49.44 | 30.61 2491 33.01 40.88 | 37.04 33.76  38.75 42.30

OTKGE | 23.86 1845 25.89 3423 | 3436 2885 36.25 4488 | 3551 3197 37.18 4138

MoSE 28.38 2156 30091 41.67 | 3334 2778 3394 4106 | 36.28 33.64 3747 4081
Multi-modal MMRNS | 32.68 23.01 37.86 51.01 |3503 2859 3749 4747 |3593 3053 39.07 4547
KGC QEB 28.18 14.82  36.67 51.55 | 3238 2547 3506 4532 | 3437 2949 3695 42.32
VISTA 3042 2249 3356 4594 | 3291 26.12 3538 45.61 | 3045 2487 3239  41.53

IMF 3225 2420 3600 48.19 | 3450 2877 36.62 4544 | 3579 3295 37.14  40.63

AdaMF 3251 2131 39.67 51.68 | 3427 2721 37.86 4721 |38.06 3349 4044 4548

MyGO 37.72  30.08 4126 5221 | 36.10 29.78 38.54  47.75 | 38.44 35.01 39.84  44.19

K-ON* 36.24 28.13 4049 51.26 | 35.83 29.41 3732 47.16 |35.83 3256 3734 4245

MoMoK | 39.57 3238 4345 54.14 | 3589 30.38 3754 46.13 | 3791 3509 3920 4320

Ours M-Hyper ‘ 41.25 33.64 4501  56.09 ‘ 37.02 3124 39.16 48.84 ‘ 39.46 36.02 4092 4522

Table 1: Results on DB15K, MKG-W, and MKG-Y datasets. The best results are marked bold and the second-best
results are underlined. The *results are reproduced by us, and others are taken from MoMoK (Zhang et al., 2025b).

B €{0.1,0.2,0.4}.

5.2 Main Results

The experimental results are shown in Table 1. M-
Hyper outperforms 18 existing baselines on most
metrics, including AdaMF and MoMoK, which
also adopt modality noise enhancement. Specif-
ically, M-Hyper achieves a 4.25% improvement
in MRR and a 3.89% improvement in Hit@10,
demonstrating significant performance improve-
ments. Compared to the classic fusion-based (Li
et al., 2023) and ensemble-based (Zhang et al.,
2025a) paradigm, M-Hyper not only preserves the
original modality information but also enables dy-
namic and flexible modality interaction, providing
a promising modeling paradigm for MMKGC task.

5.3 Efficiency Analysis

We conduct an efficiency analysis of M-Hyper fo-
cusing on memory usage and runtime, with the
results shown in Figure 4(a). Compared to 6 state-
of-the-art methods, our M-Hyper achieves the best
training efficiency, requiring the shortest runtime
for a single training epoch. In terms of memory
usage, M-Hyper demonstrates nearly optimal per-
formance. Figure 4(b) illustrates the training times
required to achieve the best performances. Our
model requires only 1160 seconds of training time
to achieve an MRR of 40.75% and a Hit@1 of
33.14%. So we can conclude M-Hyper not only
delivers the best performance but also achieves
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Figure 4: Efficiency results on memory usage, training
time usage, and the trade-off between training effective-
ness and training time on DB15K dataset.

the highest computational efficiency with the least
memory usage and the shortest training time.

5.4 Ablation Study

Modality Ablation Study. To verify the contri-
butions of each modality, we set the corresponding
modality embedding to an all-zero embedding, re-
moving its influence. As shown in Table 2, all
modalities positively impact performance, albeit
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Settin DBISK MKG-W MKG-Y
J MRR Hit@l MRR Hit@l MRR Hit@l
w/o joint & 3636  28.54 35.09 29.16 36.71 3342
G wi/o structure &° 39.77 3217 34.62 28.63 38.03 34.60
" wio vision & 35.09 27.22 3646 30.60 3795 34.68
w/o text &' 39.70 32,12 3628 31.17 38.09 34.74
w/o FERF 39.24  31.83 3593 2938 3793 3453

w/o noise-powered | 39.64 32.16 36.10 30.28 38.16 35.82
G1 wlo r-aware gate 40.18 32.47 36.18 3044 3821 35.14

W/0 Lyecon 4097 3324 3618 30.69 39.12 35.23
w/o translationrT | 39.50 31.42 3513 2956 37.86 34.64
w/o rotation r® 3891 3135 3646 30.67 37.78 34.55

M-Hyper+DualE 39.93  32.07 3596 30.10 38.02 34.78

M-Hyper-fusion 39.23 31.66 3554 3035 3752 3451
G M-Hyper-ensemble | 39.31 31.71 3475 29.26 37.58 34.78
M-Hyper(ours) 41.25 33.64 37.02 31.24 3946 36.02

Table 2: Results of modality ablation G, and model
ablation G;. G represents the comparison among the
three modality modeling paradigms.

to varying degrees across different datasets. No-
tably, excluding the joint modality leads to the most
substantial performance decline, highlighting its
pivotal role in M-Hyper’s overall effectiveness.

Model Ablation Study. We can see that each
module contributes to the overall performance.
FERF and noise-powered self-distillation modules
enable more robust modality representations, while
the relation-aware gate facilitates dynamic modal-
ity fusion to handle complex contexts. Additionally,
translation and rotation relation embeddings enable
more sophisticated relational modeling. Notably,
removing the rotation operation r® in complex field
C reduces hypercomplex space to a quaternion
space and results in a performance decline, indicat-
ing that the biquaternion space offers greater ex-
pressive power. Meanwhile, we introduce M-Hyper
variants under the ensemble and fusion paradigms,
whose score functions are provided in Appendix C.
It can be observed that M-Hyper, benefiting from
adequate collaboration between independent and
fused modalities, achieves the best performance.

5.5 Robustness to Complex Scenarios

Following Zhang et al. (2025b), we evaluate
MMKGC robustness under three challenging sce-
narios: (1) modality missing, (2) modality noise,
and (3) link sparsity. To be specific, in modality
missing scenario, we randomly delete a certain ra-
tio of entity’s raw modality embeddings. For the
modality noise scenario, we randomly add Gaus-
sian noise to raw modality embeddings. In the link
sparsity scenario, we randomly remove a certain
ratio of training triples.

As shown in Figure 5, the model’s performance
declines to varying degrees under these complex
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Figure 5: Results on DB15K under 3 complex scenarios:
modality missing, modality noisy and link sparse.

scenarios. Among them, the training data, as a crit-
ical source of structural information, significantly
contributes to the model’s performance. Notably,
we find that AdaMF, MoMoK, and M-Hyper with
noise-augmented training achieve improved robust-
ness. Moreover, unlike previous noise-augmented
methods, we introduce task-specific representa-
tions and a self-distillation supervision strategy,
which further enhance model’s noise-reduction ca-
pabilities and improve the effectiveness of dynamic
fusion. As aresult, our approach achieves relatively
superior robust performance.

5.6 Modality Visualization Analysis

As illustrated in Figure 6, we apply t-SNE to vi-
sualize the modality embeddings of cities across
6 countries in DB15K dataset. It is evident that
the presence of modality ambiguity and bias in-
troduces variability in the representation efficacy
of entities across different modalities. Notably,
among all modalities, the joint modality represen-
tations demonstrate the highest discriminative ca-
pability in differentiating entities. Furthermore,
the integration of the FERF and R2MF modules
significantly improves the expressiveness and ef-
fectiveness of the modality-specific embeddings,
highlighting their ability to mitigate modality bias
and enhance representation quality.
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represent different countries.

6 Conclusion

In this paper, we highlight the limitations of exist-
ing MMKGC paradigms, which struggle to balance
fused and independent modality representations.
To enable efficient and flexible cross-modal collab-
oration, we propose M-Hyper, the first method to
represent MMKGs in hypercomplex space. Specif-
ically, we introduce Fine-grained Entity Represen-
tation Factorization (FERF) module and Robust
Relation-aware Modality Fusion (R2MF) module
to obtain robust representations for three indepen-
dent modalities and one fused modality. Subse-
quently, these modality representations are mapped
onto the four orthogonal bases of a biquaternion,
enabling efficient modeling of pairwise interactions
and comprehensive cross-modal integration. Em-
pirical results show that our M-Hyper demonstrate
greater performance and robustness.

Limitations

We focus on “transductive” multi-modal knowl-
edge graph completion (MMKGC) under a static
setting, assuming that entities, relations, and modal-
ity information remain fixed during both training
and inference. Therefore, for dynamic scenarios
with entities, relations, or modality features (e.g.,
newly added images or textual descriptions) un-
dergoing frequent updates, it may be necessary
to design online learning frameworks or dynamic
modeling approaches to address evolving data dis-
tributions and incremental modality adaptation. In
addition, we also hope to explore the idea of co-
existence of independence and integration in other
task scenarios, such as entity alignment (Xiao et al.,
2025), named entity recognition (Pang et al., 2024),
and knowledge graph question answering (Gong

et al., 2026).

Ethics Statement

In this paper, we explore the multi-modal knowl-
edge graph completion task with deep learning tech-
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Appendix

A Detailed Proof of Theorem

Theorem 1: Let X = {M;, M,, M;} represent
the multi-modal input and Y the target task. The
M-Hyper representation is defined as: ¢ = Tj1 +
Tii + Tyj + Tik, where T encodes fused infor-
mation across modalities, and Tg, T\, T} preserve
modality-specific information. Under the Informa-
tion Bottleneck (IB) (Tishby and Zaslavsky, 2015)
framework, with the IB loss:
Li(T) = I(X;T) = BI(T;Y),
the M-Hyper representation achieves a strictly
lower IB loss:
L13(Q) < min (L(Ty), LiB(Tens)),  (14)
where T’ is the fused representation and T¢y the
ensemble representation.

Proof 1: Consider three representations: (1) M-
Hyper @, (2) fusion-based Ty = f(X), and (3)
ensemble Tons = {75, T§, Ty, Tt }. On the one hand,
fusion Ty over-compresses and includes redun-
dancy:

I(X7 Tf) - I(Xa Q) = Aredundancy (15)
=Y (T 1Y) >0,
i#j
(16)

where Aredundancy measures cross-modal redun-
dancy that does not contribute to Y. On the other

hand, ensemble T, lacks explicit interactions:

I(Tens; Y) < (17)
Z[ﬂ,Y + I(Tuse; Y ZIT Tj;Y),
1<J
(18)

where triple mutual information ;. I(73;Tj;Y')
captures cross-modal synergy not fully utilized in
a simple ensemble. Our () in quaternion space H
(via Hamilton product, see Theorem 1) generates
interaction terms Cj; = T; - T} that satisfy:

2
j >O7

( ijs

i.e., these interactions are informative for predict-
ing Y. Imposing orthogonality ((1;,7}) = 0, i #
7) further reduces intra-representation redundancy,
o)

I(X;5Q) < I(X; Tens)-

As () contains all modality-specific information
(from T3, T, Ty, Tt) plus explicit cross-modal inter-
actions (i.e., Cjj), it is at least as informative about
Y as 1.y, and typically more so:

I(Q; Y) > I(Tens; Y)

Combining the above, the difference in IB loss
between ( and T¢,s becomes

ﬁIB(Q) ['IB( ens)
= [1(X5Q) = I(X; Tens)]
- ﬂ[[(Q) Y) - I<Tens§ Y)] < 0.

The first term is negative (due to reduced redun-
dancy), and the second term is non-positive (due
to improved relevance); thus their sum is strictly
negative under 3 > 0. The comparison with T’ is
similar, as detailed before:

(19)

ACIB (Q) _EIB (Tf) < - Aredundancy _BAinteraction < 07

where Ajnteraction = I(Qa Y) - I(Tfa Y) > 0. So
we can conclude:

Li5(Q) < min (Li8(T%), L18(Tens))  (20)

Therefore, () achieves a strictly lower 1B loss by
both reducing redundancy (better compression of
X) and boosting task relevance (enhanced depen-
dence on Y') via explicit cross-modal interactions.
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Figure 7: Results of hyperparamter analysis for noise rate (3, regularization factor A and dimension d.

Theorem 2: Let the entity embedding be () =
el + e*i + elj + e'k, and score function as:

¢(h7 T t) = <(Qh S Q;{) ® QE? Qt>

Then for any modalities m, m’ € {j, s, v, t}, the al-
gebraic expansion contains all pair-wise interaction
e e?l, as well as intra-modal terms.

2D

Proof 2: For the sake of simplicity in represen-
tation, we mark the final representations of each
modality m as: €™. Our biquaternion-based score
function can be expanded as:

d(h,rt) = (Qn @ QF) ® QR, Q)

= ([(€}, +171) + (&} +1ro)i+ (e} +17)i + (e} + 17 1)K]
@ [rR) + rRyi + rRyj + rR K], [e] + efi + e} + elk])

= ([(e}, +r71) ® ey — (€}, +175) D efa—

(el + rrg) ® el — (e +1r.y) ® ey, e))

+ (e}, +rr1) ®er2 + (e}, ‘H'rz) ®er 3+
(eh + rrd) ® e} 4 — (e + rr,4) ® em]» ej)

+ <[( h T 1‘7«1) ®ers— (e} + TI,Q) ® 95,4"‘
(e}, + rr3) ® er 1+ (ep + 1'1,4) ® 952]7e‘t>

+ ([(e}, +rr1) ®eny+ (e} o) ®el; -
(eh +113) ®efy + (6] +174) ® efgl,€f)

[(ej +r, ) ®e,. R —[(e, +rr2) ® erRz] (eh)T-
(el +r7s) ®efs] - (€)) T — [(e} + 1) @ern (e’
+[(e), +1"r1) ®efal- (e}) | + (e}, +r75) ®efs]- (e]) +
(), +rr5) ®efy] - (€)= [(e} + 11y @ 1] (e’
+[( ej +r, 1) ® ey 3} (ef)" — (e}, +r}, 2) ® 4] (eh) "+
(e}, + 7, 3) er]-(eh) " + (e} +rry) @es]- (o)
+[(e], + 1) ®efal - (ef) T+ [(e}, + o) @ efy] - (e))
[(e}, +173) @ o] - (ef) " + (e, +r74) @ €fg] - (&)

|M] M
=22 (Rt (@1): "),

(22)
where R ;.. represents the biquaternion algebra
translation and rotation transformation between
modality m and m/, as intuitively shown in Fig-
ure 3. Based on the expanded formulation above,
we observe that the biquaternion-based score func-
tion can be expressed as a linear combination of all
pair-wise modality-specific score functions. Fur-
thermore, these score functions independently char-

Hit@10 1 69.6% 18.1% 12.3%
Hit@3 75.1% 16.2% 8.6%
Hit@1 ] 78.5% 12.0% 9.4%

0.0 0.2 0.4 0.6 0.8 1.0

M-Hyper M-Hyper-ensemble M-Hyper-fusion

Figure 8: Comparison of Paradigm Proportions Achiev-
ing Optimal Performance Across Relations.

Relation #Num IMF AdaMF MyGO MoMoK M-Hyper
typet 209 37.62 3453  50.68 4091 52.26
country? 352 3497 3442 4897 39.16 47.34
language® 82 39.69 3575  45.99 42.22 50.73
time_Zone! 125 3421  35.08 59.71 37.98 54.22
spouse® 48 3452  28.12  55.85 36.23 65.05
different_From® 43 2320 3221 38.04 30.98 40.67
is_Part_Off 183 3298 3005 @ 72.16 39.44 72.77
company?® 26 29.62 3446  67.15 39.44 83.19
music_Composer‘\ 151 37.61 32.23 47.62 42.20 55.69
associated_Band® 255 40.67  33.09 80.76 43.42 87.17

Table 3: Results of MRR per relation on DB15K. We
mark 1-to-NT, N-to-1¥, N-to-N%, and symmetric® rela-
tions.

acterize the translation and rotation of relationships.
As a result, M-Hyper is capable of capturing all
pairwise semantic relationships m — m/, ensuring
no information redundancy or missing modality
combinations.

B Hyperparameter Analysis

We conducted an analysis of the hyperparameters
involved in M-Hyper, with the results presented
in Figure 7. It can be observed that the noise ra-
tio 5 and regularization factor A can improve the
model performance within a certain range. How-
ever, excessive weights for these parameters nega-
tively impact the model by introducing interference.
Additionally, we investigated the model dimension
d, and the results indicate that insufficient model
dimensions fail to adequately capture the charac-
teristics of the data, while overly large dimensions
(e.g., d > 512) do not consistently enhance the
model performance.
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Model DB15K MKG-W MKG-Y

ode MRR H@l H@3 H@I0 | MRR H@l H@3 H@I0 | MRR H@l H@3 H@I0
BiQUE 38.34 3238 4148 5323 | 3501 29.42 37.01 4649 | 36.74 3482 3825 42.16
MyGO+Tucker 3772 30.08 4126 5221 | 36.10 29.78 38.54 47.75 | 38.44 35.01 39.84 44.19
MyGO+BiQUE 37.43 29.83 41.53 52.05 | 3573 29.88 37.38 46.74 | 3731 3523 38.63 42.56
MoMoK+Tucker 39.57 3238 4345 54.14 | 3589 3038 37.54 46.13 | 3791 35.09 3920 43.20
MoMoK+BiQUE 40.23 3343 43.84 5481 | 3523 29.12 36.82 46.12 | 37.49 3552 38.86 4293
M-Hyper (Ours) ‘ 41.25 33.64 45.01 56.09 ‘ 37.02 31.24 39.16 48.84 ‘ 39.46 36.02 40.92 45.22

Table 4: Baselines with the same decoders, and the embedding dimensions of the BIQUE decoders are kept identical.

Model Training Time (s) MRR Hit@1 Memory Usage (1000MB) Time Usage (s/epoch) Params (M)
OTKGE 3505 23.86 18.45 2.540 70.1 332
MMRNS 7650 32.68 23.01 25.582 25.5 34
AdaMF 12500 3251  21.31 10.428 12.5 80.7
IMF 7600 3225 2420 3.980 7.6 81.0
MyGO 15900 37.72  30.08 18.128 10.6 234
MoMoK 11700 39.57 32.38 5.900 9.8 80.6
M-Hyper 1200 40.75 33.14 2.862 5.8 21.5

Table 5: Detailed performance and overhead comparison of M-Hyper at smaller parameter scales.

<Armenians> <populationPlace> <United_States>

Ensemble-based Method Fusion-based Method

MoMoK  M-Hyper-ensemble MyGO  M-Hyper-fusion M-Hyper
rank 5 4 15 12 1
<University_of Sussex> <sport> <Volleyball>
Ensemble-based Method Fusion-based Method
MoMoK  M-Hyper-ensemble MyGO  M-Hyper-fusion M-Hyper
rank 137 203 3293 3363 14

<The_Social_Network> <musicComposer> <Atticus_Ross>

Ensemble-based Method Fusion-based Method
MoMoK  M-Hyper-ensemble MyGO  M-Hyper-fusion M-Hyper

rank 28 44 13 14 4

<Robert_A._ Heinlein> <nationality><California>

Ensemble-based Method Fusion-based Method
MoMoK  M-Hyper-ensemble MyGO  M-Hyper-fusion M-Hyper
rank 9 13 2 3 2

Figure 9: Intuitive cases show the superiority of M-
Hyper.

C More Case Analysis Between Paradigms

Specific Relation Performance. To provide a
more granular analysis of M-Hyper’s advantages,
we present the MRR improvements for common
relation on DB 15K dataset, as shown in Table 3. M-
Hyper significantly enhances the performance for 1-
to-N relations (e.g., is_Part_Of, music_Composer),
N-to-1 relations (e.g., country, language, time-
Zone), and N-to-N relations (e.g., company, associ-
ated_Band). These are challenging for translation-
based methods (Xie et al., 2017; Zhao et al., 2022)
to address. Additionally, M-Hyper can also achieve
at least 6.91% performance improvement in mod-
eling symmetric relationships (e.g., spouse, differ-
ent_From), demonstrating stronger geometric rep-
resentation capabilities. More case analysis are

presented in Appendix C.

M-Hyper-fusion and M-Hyper-ensemble. To
further investigate the differences in paradigm
shifts, we conduct a more detailed comparison by
introducing variations of M-Hyper based on tra-
ditional paradigms. Specifically, we keep other
modules and the dimension of final embeddings
consistent while modifying the score function to
create variants: M-Hyper-fusion with score func-
tion ¢(h,r,t) = ((e} +r}) ® rk,e}), and M-
Hyper-ensemble with score function ¢(h,r,t) =
Zwl ((ef'+r},,)@®rR, . ). Figure 8 illustrates
the proportion distribution of different paradigms
achieving optimal performance across various rela-
tions. It can be observed that M-Hyper achieves the
highest proportion in the majority of relationships.

Cases M-Hyper Perform Better. As shown
in 9, we present several representative examples
of triples under different reasoning requirements.
For examples like (Armenians, populationPlace,
United_States) and (University_of_Sussex, sport,
Volleyball), the reasoning results tend to rely more
on single-modal features, specifically textual se-
mantic features and analogical reasoning through
structural features, respectively. We can find fusion-
based methods perform better at preserving the
original features, thereby achieving more accurate
predictions. In contrast, for relatively long-tail
case like (The_Social_Network, musicComposer,
Atticus_Ross), and for cases where the answer is
relatively sub-optimal like (Robert_A._Heinlein,
nationality, California), the model often needs
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Model DB15K MKG-W
Emb. Size  MRR Hit@l Hit@3 Hit@l0 Emb. Size MRR Hit@l1 Hit@3 Hit@10

MyGO 800 37.83  30.09 4131 52.28 800 36.16 29.85  38.53 47.79
MoMoK 800 39.62 3247 4344 54.14 800 3587 3042 37.58 46.18
M-Hyper 800 41.21 33.68 45.06 56.14 800 37.02 31.27 39.17 48.84
MyGO 100 3698 29.14  41.09 51.30 100 3527 29.10 37.66  46.98
MoMoK 100 38.64 3197 42,60  53.68 100 3510 2938  36.83 45.35
M-Hyper 100 40.23 3279 4438  55.23 100 36.21 3045 3847  47.98

Table 6: Performance comparison with baselines at the same embedding sizes as M-Hyper on DB15K and MKG-W

datasets.

to collaborate across multiple modalities, such as
text and structural information, to infer the answer.
Therefore, in this problem type, ensemble-based
methods are more suitable for such cooperative rea-
soning scenarios. At the same time, we observe that
M-Hyper surpasses both of these approaches and
is more adaptable to diverse and flexible reasoning
requirements.

D Comparison under Different Parameter
Settings

To demonstrate the effectiveness of M-Hyper and

Algorithm 1 Noise-powered Self-distillation

Input: Noise rate 3; Relation query r; Batch of entity
embeddings £ = {e™ }cqs,0,t}-
Output: Distillation Loss Lgistil
1: Initialize Estudent 0
2: for all m € {structural, visual, textual} do
3 Calculate feature mean ™ and variance p™
4 Generate noise: €™ ~ N (o™, u™)
5 Sample binary mask M with probability 3
6:  Injectnoise: €™ < e™ + M O &™
7 gstudent — gstudent U {em/}
8: end for
9: Compute r-aware weights w™ via Eq. (6)
0: Fuse clean embeddings: & <+ > w™e™
1: Compute weights and fuse noisy embeddings

Estudent i
address concerns regarding whether the perfor- 12: Obtain student embedding: &' —
mance gains are derived from increased parameter R2MF (Estudent, T) o

13: Calculate MSE loss: Laistin = || — &)

count, we present results under three distinct pa-
rameter settings:

Baselines with the same decoders. we compare
BiQUE (structure-only) against advanced methods
equipped with the biquaternion KGE. To ensure
fairness, the embedding dimensions for all base-
lines using the biquaternion KGE decoder are set
to be consistent with M-Hyper. Regarding imple-
mentation details: for the fusion-based method
(MyGO), we split its final fused representation to
serve as the input for the biquaternion KGE; for
the ensemble-based method (MoMoK), we split
the representations of each modality to perform bi-
quaternion KGE calculations separately. As shown
in Table 4, M-Hyper consistently outperforms both
the unimodal baseline and the BiQUE-enhanced
baselines. This confirms that our performance
gains stem from the holistic architectural design
rather than merely the hypercomplex backbone de-
coder itself.

Baselines with total training parameters > M-
Hyper. As shown in Table 5, we provide a de-
tailed comparison of performance and efficiency
on the DB15K dataset. It can be observed that com-
pared to most state-of-the-art methods, M-Hyper

14: return Lg;siin

achieves superior performance even with a signifi-
cantly smaller number of total training parameters.

Baselines with embedding dimensions equal to
M-Hyper. To ensure a fair comparison, for meth-
ods utilizing hypercomplex decoders, we aligned
the total dimension of their hypercomplex com-
ponents with the corresponding real-valued mod-
els. We present the comparative results under
two embedding size settings (800 and 100) in Ta-
ble 6. The experimental results demonstrate that
M-Hyper consistently outperforms other baselines
under identical embedding dimensions. This in-
dicates that the performance improvement is not
solely attributed to an increase in parameter count.

E Pseudocode of ‘“Noise-powered
Self-distillation”

As shown in pseudocode 1, we have provided a
detailed description of the process of the "Noise-
powered Self-distillation" module.

27982



Dataset |E]  |R| #Train #Valid #Test !mage Text

Num Dim Num Dim
DBISK | 12842 279 79222 9902 9904 | 12818 4096 9078 768
MKG-W | 15000 169 34196 4276 4274 | 14463 383 14123 384
MKG-Y | 15000 28 21310 2665 2663 | 14244 383 12305 384

Table 7: The statistics of three MMKG benchmarks.

F Dataset Statistics

The statistical details of dataset are shown in Ta-
ble 7.
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