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Abstract

Multimodal Knowledge Graphs (MMKGs)
provide structured multimodal grounding
for Multimodal Large Language Models
(MLLMs), while Multimodal Entity Align-
ment (MMEA) is essential for integrating
heterogeneous MMKGs. However, existing
MMEA methods remain vulnerable to noisy
modalities and unreliable pseudo-supervision.
We propose CRMEA, a largesmall collabo-
rative framework for unsupervised MMEA
that unifies PTM-based retrieval and MLLM-
based reasoning through a closed-loop
optimization process. CRMEA introduces a
text-centric adaptive cross-modal coordination
mechanism to regulate noisy visual evidence,
together with a retrieve-and-vote strategy
for reliable pseudo-supervision. Extensive
experiments show that CRMEA consis-
tently outperforms existing unsupervised
MMEA methods and achieves performance
competitive with state-of-the-art supervised
approaches, while maintaining strong ro-
bustness, adaptability across heterogeneous
backbones, and substantially improved cost-
effectiveness over exhaustive MLLM-based
alignment. Code and data are available at
https://github.com/nsai-szu/CRMEA.

1 Introduction

The rapid advancement of Multimodal Large Lan-
guage Models (MLLMSs), such as ChatGPT Im-
ages2.0 (OpenAl, 2026) and Qwen3.6-27B (Al-
ibaba Qwen Team, 2026), has improved cross-
modal understanding and reasoning (Zhao et al.,
2024; E et al., 2025). However, MLLMs still
suffer from hallucination due to reliance on im-
plicit parametric knowledge, often generating se-
mantically plausible but factually incorrect out-
puts (Yang et al.,, 2025). To mitigate this is-
sue, Multimodal Knowledge Graphs (MMKGs),
which provide explicit multimodal representations
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of entities and relations (Zhang et al., 2025), have
emerged as a source for external grounding.
Effective MMKG-based grounding typically re-
quires integrating heterogeneous MMKGs, where
the same entity may be represented differently
across platforms. Therefore, Multimodal En-
tity Alignment (MMEA) is essential for identi-
fying equivalent entities and consolidating multi-
modal evidence (Chen et al., 2024b). A repre-
sentative example is product-grounded shopping
assistance, where Googles Shopping Graph ag-
gregates over 50 billion products from retailers
and merchants worldwide, many corresponding
to the same real-world products but represented
with different names, descriptions, images, and at-
tributes (Google, 2025). MMEA-based fusion en-
ables unified representations, providing a reliable
foundation for future grounded MLLM systems.
MMEA methods have evolved from multimodal
fusion to adaptive, robust alignment. Super-
vised approaches improve fusion through weight-
ing, noise suppression, and auxiliary semantic sig-
nals (Li et al., 2025a; Huang et al., 2024; Feng
et al., 2025), while unsupervised methods ex-
ploit cross-modal correlations via visual pivots,
transformer-based fusion, and uncertainty-aware
interactions (Liu et al., 2021; Chen et al., 2023a;
Li et al., 2025b). More recently, LLM/MLLM-
based methods have further enhanced MMEA
by introducing semantic understanding and mul-
timodal reasoning. For example, TMEA (Chen
et al., 2024b) and LGEA (Lu et al., 2025) employ
LLMs for semantic abstraction and noise filtering,
whereas MM-ChatAlign (Jiang et al., 2024) inte-
grates MLLM-based multimodal reasoning with it-
erative refinement for alignment prediction.
However, two major challenges remain unre-
solved. First, how to robustly integrate noisy and
incomplete multimodal evidence for MMEA. As
illustrated in Figure 1 (Case A), uncontrolled mul-
timodal fusion may overemphasize visual simi-
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Figure 1: Motivating scenario.

larity, causing different entities to be incorrectly
aligned. Second, how to leverage MLLM reason-
ing to provide reliable supervision and decision in
an unsupervised manner. Figure 1 (Case B) shows
that missing modalities and unreliable visual evi-
dence may mislead MLLM reasoning, resulting in
hallucinated labels and error propagation.

A straightforward solution is to directly em-
ploy MLLMs for implicit multimodal fusion and
pseudo-label generation in unsupervised MMEA.
However, such approaches incur substantial com-
putational overhead and remain vulnerable to hal-
Iucinated supervision, as MLLMs lack explicit
mechanisms to assess visual reliability and regu-
late noisy or missing modalities. Consequently,
unreliable multimodal evidence can be amplified
during reasoning, resulting in unstable alignment
decisions and cumulative error propagation.

To address these challenges, we propose
Cooperative Reasoning for MMEA (CRMEA),
a largesmall model collaboration framework for
unsupervised MMEA. CRMEA bridges efficient
PTM-based retrieval and reliable MLLM-based
reasoning through a closed-loop optimization pro-
cess. Specifically, PTMs retrieve compact candi-
date sets, after which MLLMs perform candidate-
constrained reasoning and voting to generate
high-confidence alignments for contrastive self-
training. Through iterative collaboration, CRMEA
progressively distills MLLM’s reasoning capabil-
ity into lightweight PTMs, enabling retrieval re-
finement while reducing MLLM invocations cost.

Furthermore, CRMEA introduces a text-centric

cross-attention mechanism with adaptive gating
to dynamically regulate visual evidence under
noisy or missing modalities. To improve pseudo-
supervision reliability, CRMEA further adopts a
retrieve-and-vote strategy with multi-round major-
ity voting to suppress hallucination-induced er-
ror propagation during iterative self-training. To-
gether, these designs enable robust and cost-
effective unsupervised MMEA.
Our contributions are summarized as follows:

* We propose CRMEA, a largesmall collabo-
rative framework for unsupervised MMEA,
which enables iterative mutual refinement be-
tween PTM retrieval and MLLM reasoning in
a closed-loop optimization manner.

* We introduce a text-centric adaptive cross-
modal coordination that dynamically regu-
lates visual evidence through cross-attention
and adaptive gating, improving robustness
against noisy and incomplete modalities.

* We develop a retrieve-and-vote pseudo-
supervision strategy that stabilizes MLLM-
assisted self-training through candidate-
constrained reasoning and majority voting.

* Extensive experiments demonstrate that
CRMEA achieves state-of-the-art unsuper-
vised MMEA performance competitive with
supervised approaches, while maintaining
strong robustness and cost-effectiveness
across diverse multimodal settings and
heterogeneous PTM/MLLM backbones.

2 Related Work

2.1 Multimodal Fusion for Entity Alignment

Multimodal Entity Alignment (MMEA) incorpo-
rates textual and visual information to address
cross-lingual textual discrepancies and structural
sparsity. Early methods such as HMEA (Guo et al.,
2021), EVA (Liu et al., 2021), and MSNEA (Chen
et al., 2022) mainly project heterogeneous modal-
ities into a shared embedding space and perform
holistic alignment using unified representations.
Recent studies have shifted toward more
interaction-aware, robustness-oriented fusion
strategies. MCLEA (Lin et al., 2022) improves
alignment through multimodal contrastive ob-
jectives, while MEAformer (Chen et al., 2023a)
employs Transformers to capture entity interac-
tions and alleviate noise sensitivity. To mitigate
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modality inconsistency, PMF (Huang et al., 2024)
progressively  suppresses alignment-irrelevant
features, while UMAEA (Chen et al., 2023b) and
DESAlign (Wang et al., 2024) account for noisy
or missing modalities. Nevertheless, most ap-
proaches still rely on tightly coupled multimodal
fusion, in which unreliable visual signals may
be propagated into the alignment representation,
leading to negative transfer. To address this lim-
itation, our method anchors alignment in textual
semantics while introducing visual evidence in a
controlled manner, improving robustness against
noisy and inconsistent modalities.

2.2 Seed-free Iterative Alignment

Seed-free MMEA methods learn alignments with-
out human annotations by iteratively bootstrap-
ping pseudo-labels from structural and multimodal
similarities. =~ Representative methods such as
EVA (Liu et al., 2021) and MCLEA (Lin et al.,
2022) progressively expand pseudo-alignments
through self-training, while MEAformer (Chen
et al., 2023a) improves candidate quality via cross-
modal interaction modeling. However, similarity-
based expansion remains sensitive to modality
noise and mismatches, causing error accumula-
tion across iterations. RICEA (Li et al., 2025b)
mitigates this issue through more robust pseudo-
supervision refinement, but repeated retrieval and
selection still introduce substantial overhead and
residual bias under ambiguous candidates.

Building on this observation, our framework
compresses the candidate space and introduces re-
liable pseudo-supervision to reduce training cost
and stabilize iterative alignment.

2.3 (M)LLM-enhanced MMEA

LLM- or MLLM-enhanced MMEA exploits se-
mantic reasoning to complement similarity-based
retrieval. TMEA (Chen et al., 2024b) uses LLM-
based in-context learning for attribute alignment
and filtering under uncertain cross-modal corre-
spondence, whereas LGEA (Lu et al., 2025) em-
ploys LLM-guided filtering or enhancement to
mitigate modality noise before fusion. MM-
ChatAlign (Jiang et al., 2024) performs reasoning
and reflective re-evaluation on a compressed candi-
date set, converting reasoning outcomes into align-
ment decisions through filtering and re-ranking.
Overall, existing (M)LLM-based approaches
mainly use reasoning for filtering, re-ranking, or
semantic augmentation, while integration with rep-

resentation learning remains heuristic. Loosely
grounded reasoning may therefore introduce bi-
ased pseudo-labels that are amplified during self-
training. Moreover, scalable deployment requires
controlling LLM invocation cost and decision bias
under uncertainty. Motivated by these challenges,
our framework bridges retrieval and reasoning
through a cost-aware, iteration-stable pipeline, en-
abling reliable and scalable MLLM assistance.

3 Problem Definition

In this section, we formally define the Multimodal
Knowledge Graph (MMKG) and the Multimodal
Entity Alignment (MMEA) problem.

Definition 1. (MMKG) An MMKG is defined as
G={ER,Z, AV, T, T.},where E, R, Z, A, V,
T, T, denote the set of entities, relations, images,
attributes, and textual values, respectively. 7, =
{(ei,r,e5)|es,ej € E,r € R} CEXR x E and
To = {(e;a,p)le € E,a € A;jp € (ZTUV)} C
E X Ax (ZUV) represent the set of relational and
attribute triples.

Definition 2. (MMEA) Given two MMKGs
G = {& Ry, T, Av V1, T, Ty} and G =
{527 RQ) IQ, A27 V27 77“2 ) 7:12 }’ MMEA aims to ﬁg_
ure out each entity pair (e, ez2),e1 € &1,z € &,
where e; and es are semantically equivalent and
point to the same physical or virtual object.

Furthermore, MMEA can be categorized into
supervised and unsupervised MMEA depending
on whether human-labeled data (i.e., seed align-
ments) is utilized in the training process. In this
paper, we concentrate on unsupervised MMEA,
eliminating the need for costly human annotation.

4 Proposed Approach

In this section, we present CRMEA, an unsu-
pervised MMEA framework based on a closed-
loop optimization architecture. As shown in Fig-
ure 2, CRMEA leverages the reasoning capability
of MLLMs to iteratively refine specialized PTMs
without human annotation through collaborative
retrieval and reasoning. The framework consists
of three synergistic stages: (1) PTM-based can-
didate retrieval; (2) MLLM reasoning and voting
for pseudo-label generation; and (3) PTM self-
training for representation refinement.

4.1 PTMs Retrieval

Given a source knowledge graph G, and a target G,
this phase retrieves a concise candidate set from G;.
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Figure 2: Overall architecture of the proposed CRMEA.

We first flatten the structural and relational neigh-
borhood of each entity into a token sequence, feed-
ing it to a language PTM (e.g., LaBSE) to obtain a
semantic embedding hy = Norm(L-PTM(S,)) €
R?.  Simultaneously, associated images are pro-
cessed via an image PTM (e.g., ResNet-152) and
linearly projected to derive the visual embedding
h, = Norm(W,, - .PTM(I.)) € R% For miss-
ing images, Gaussian noise sampled from N (p, o)
is used for PTM-based visual encoding. And
for self-training feedback loops (r > 1), we
fuse these modalities using a text-anchored Cross-
Attention. The textual embedding serves as the
Query to retrieve informative visual features:

Ah = Softmax <(htWQ)(hUWK)T> (hoWy,)

Vd
(D

, where Wq, Wi, Wy, are trainable operators,
and Ah is the cross-modal refinement incre-
ment.To resolve textual ambiguities without col-
lapsing into a text-dominant bias, we project the
concatenated features through an MLP to derive
an instance-specific gating intensity:

g = o(MLP([ht; 3 - Ah))) 2

, where g € [0,1] is the dynamic gating scalar,
and 8 > 0 is a scaling hyperparameter controlling
the strength of visual evidence injection. The in-
tegrated multimodal representation h;,,; is then
formulated via a scaled residual connection:

hfinal - ht + g- (5 ' Ah) (3)

This allows the visual modality to adaptively
dominate when textual attributes are uninforma-
tive. Finally, candidate pairs are prioritized using
inner product affinity sim(es, e;) = h}‘?ﬂ o hgcti)n al

to form the top-N candidate pool C.qng(es)-

4.2 MLLM Reasoning and Voting

We leverage an MLLM (e.g., Qwen3-VL-32B) to
identify the semantically equivalent counterpart
from Ceqnq(es) via in-context learning. To handle
“missing modalities” during MLLM reasoning, we
insert a pure white dummy image as a placeholder.
Prompt instructions explicitly direct the MLLM
to disregard these placeholders, safeguarding the
attention mechanism against visual voids.To mit-
igate stochastic hallucinations, we employ multi-
round majority voting. Over R independent rea-
soning rounds, the final predicted entity is deter-
mined by €peq = argmax,.cc SR (v, = ).
If no clear majority emerges, the sample is dis-
carded to prevent noise propagation.

4.3 PTM Self-Training

The PTMs are optimized via contrastive learning
using triplets (es, €pos, €neg), Where the positive
sample e, is the MLLM-validated e,,..4, and the
hard negative e, is the highest-scoring incorrect
candidate in C,,,4 based on current PTM similari-
ties.A pairwise margin loss enforces separation be-
tween positive and negative pairs:

*Calign = [’Y - Sim(h57 hpos) + sim(hs, hneg)]+
4)

4265



where 7 is a hyper-parameter controlling the mar-
gin, and [];+ = max(0,-) denotes the standard
hinge function. This objective enforces the simi-
larity of the validated positive pair to exceed that
of the hard negative pair by at least the margin ~.

To learn a globally discriminative space, an In-
foNCE loss is applied over the batch B:

exp(sim(hg, hyos) /Tnee)
> epes exp(sim(hs, hy) /Thce)
&)
Crucially, to prevent the adaptive gating scalars g;
from collapsing into stochastic fluctuations, a gate-
distribution regularization loss anchors the empiri-
cal expectation to a target prior:

1 2
ﬁreg = <‘B| Z e; € Bg; — Treg) (6)

The final joint objective function minimizes these
components within the Hard-EM framework:

»Cnce = - log

Liotal = ﬁalign + M Lpce + )\2£reg (N

This establishes a principled positive feedback
loop, ensuring higher-quality retrievals in subse-
quent iterations.

S Experiments

Extensive experiments on multiple benchmark
datasets were conducted to evaluate CRMEA for
unsupervised MMEA. Specifically, we investigate
the following questions: (Q1) Does CRMEA
outperform state-of-the-art (SOTA) unsupervised
MMEA methods? (Q2) Can CRMEA provide reli-
able MLLM-based supervision in an unsupervised
setting? (Q3) Can CRMEA robustly handle noisy
and incomplete multimodal evidence? (Q4) How
do different components and modalities contribute
to alignment performance? and (Q5) How cost-
effective is CRMEA compared with exhaustive
MLLM-only alignment?

5.1 Experimental Settings

Datasets. We evaluated CRMEA on two
widely used MMEA benchmarks, DBP15K (Sun
et al., 2017) and OpenEA (Sun et al., 2020).
DBPI15K contains three cross-lingual subsets
(ZHEN, JAEN, and FREN), while OpenEA in-
cludes ENFR and ENDE. Following prior work,
we adopted the image sets from EVA (Liu et al.,
2021) and UMAEA (Chen et al., 2023b), respec-
tively. Entity names were excluded, and only
attribute-relation triples were used.

Experimental Environment. We implemented
CRMEA using Python (version 3.9.18) with a Py-
Torch (version 2.1.2) backend. Experiments were
conducted on a server running Ubuntu 22.04 with
an AMD Ryzen 9 7950X Processor, 128GB of
memory, and an NVIDIA RTX A6000 GPU.
Parameter Settings. We used LaBSE (d=768)
and Qwen3-VL-32B as the backbones with a max-
imum sequence length of 8,192. Visual features
were projected to 768 dimensions. For PTM-based
visual encoding, missing images were replaced
with Gaussian noise sampled from N (p, o). The
fusion module employed 8-head cross-attention
with a dropout of 0.3, and the adaptive gating was
initialized with a bias of 2.0 and a regularization
target of 0.7. Training used AdamW with tiered
learning rates (1e~% for backbones), using 20%
of entity pairs as an unlabeled self-training pool
and the remaining 80% for evaluation, with five
MLLM reasoning repetitions and top-k candidates
in [1,10]; no ground-truth alignments from the
self-training pool are used.

Baselines. We compared CRMEA with seven
representative MMEA baselines. These include
three recent supervised models (VRCMC (Shi
et al., 2026), SGMEA (Cheng et al., 2025), and
LGEA (Lu et al., 2025)) and four unsupervised
models (EVA (Liu et al., 2021), MSNEA (Chen
et al., 2022), MCLEA (Lin et al.,, 2022) and
MEAformer (Chen et al., 2023a)), ensuring a com-
prehensive evaluation and a fair comparison under
the unsupervised multimodal setting.

Evaluation Metrics. Following standard MMEA
evaluation protocols (Jin et al., 2025), we adopt
Hit@k (k=1,10), Mean Reciprocal Rank (MRR),
and LLM Accuracy (LA) as evaluation metrics.
Hit@k measures top-k retrieval accuracy, MRR
evaluates overall ranking quality, and LA is com-
puted as final Hit@1 divided by the PTM candi-
date recall (Recall@k).

5.2 Experimental Results
(Q1) Main Results on Benchmark Datasets

We first evaluate CRMEA against representative
unsupervised and supervised MMEA baselines on
the DBP15K and OpenEA datasets to assess its
overall alignment effectiveness. As shown in Ta-
ble 1, CRMEA consistently outperforms exist-
ing unsupervised methods in Hit@1 across all
DBP15K subsets. On the challenging ZHEN set-
ting, CRMEA improves Hit@1 from 0.909 to
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Table 1: Performance comparison with unsupervised and supervised MMEA methods on the DBP15K dataset.
Bold and underlined numbers indicate the best and runner-up scores among the unsupervised setting.

. DBPlSKZHfEN DBPISKJAfEN DBPlSKFRfEN Average

Setting Method Hit@l MRR | Hit€l MRR | Hit@l MRR | Hit@l
EVA (Liu et al., 2021) .891 917 941 958 970 982 934
MSNEA (Chen et al., 2022) .858 .887 921 .939 954 968 911
Unsupervised MCLEA (Lin et al., 2022) .860 .893 914 938 953 967 .909
P MEAformer (Chen et al., 2023a) .909 933 .950 965 972 983 944
CRMEA (Ours) 961 962 957 .958 995 996 971

- improvement +5.7% +3.1% | +0.7% -0.7% | +24% +1.3% +2.9%
VRCMC (Shi et al., 2026) 901 931 .892 .929 906 .936 .900
Supervised SGMEA (Cheng et al., 2025) .899 931 901 933 917 945 .906
LGEA (Lu et al., 2025) 970 982 962 977 975 985 969

0.961 (+5.7%), demonstrating strong robustness
under large linguistic and semantic discrepancies.
On FREN, CRMEA achieves the best overall
performance, reaching a near-perfect Hit@1 of
0.995 and the highest MRR of 0.996. On JAEN,
where baseline methods already approach satu-
ration, CRMEA remains highly competitive and
achieves comparable results. Overall, CRMEA
improves the average Hit@1 from 0.944 to 0.971
(+2.9%), validating the effectiveness and robust-
ness of the proposed unsupervised CRMEA.

Notably, although CRMEA runs in a fully un-
supervised setting without human intervention, its
performance is highly competitive with SOTA su-
pervised MMEA methods. As shown in Table 1,
CRMEA surpasses supervised methods such as
VRCMC and SGMEA across most settings, and
achieves comparable performance to the strongest
supervised baseline LGEA, even slightly outper-
forming it in average Hit@1 (0.971 vs. 0.969).
These results demonstrate that our largesmall col-
laborative framework can effectively compensate
for the absence of supervised annotations through
reliable MLLM-assisted pseudo-supervision and
iterative retrievalreasoning refinement.

As shown in Table 2, CRMEA consistently out-
performs existing unsupervised MMEA methods
on the OpenEA benchmark. On ENFR, CRMEA
improves Hit@1 from 0.888 to 0.982, achieving
a substantial relative gain of 10.6%, while MRR
increases by 6.6%. Similar improvements are
observed on ENDE, where CRMEA reaches a
near-saturated Hit@1 of 0.990 and surpasses the
strongest baseline by 2.2%. These results demon-
strate the effectiveness of the proposed largesmall
model collaboration framework in achieving accu-
rate and robust multimodal entity alignment.

Table 2: Performance comparison with unsupervised
MMEA methods on OpenEA dataset. MEAformer*
denotes the supervised variant of MEAformer.

OpenEAEN,pR OpenEAEN,DE
Method Hit@l MRR | Hit@! MRR
MSNEA .699 742 788 .835
EVA .849 .896 956 968
MCLEA .888 .924 .969 979
MEAformer* .836 .882 954 971
CRMEA (Ours) 982 985 990 991
- improvement +10.6% +6.6% | +2.2% +1.2%

(Q2) Effectiveness of MLLM-PTM
Collaboration

To examine whether MLLM reasoning and PTM
retrieval can mutually reinforce each other, we
analyzed their iterative collaboration in Figure 3.
As shown in Figure 3(a), PTM-based retrieval im-
proved substantially after the first round, indicat-
ing that MLLM-generated pseudo-supervision re-
shaped the PTM embedding space and yielded
higher-quality candidate sets. Meanwhile, Fig-
ure 3(b) shows that the MLLM maintained sta-
ble LA across iterations, indicating that improved
PTM retrieval constrains the candidate space and
stabilizes MLLM reasoning.

This mutual enhancement further led to steady
gains in MMEA performance, as shown in Fig-
ure 3(c). The alignment curve closely follows the
retrieval improvements and converged smoothly
without degradation, demonstrating that CRMEA
forms a stable positive feedback loop. Specifi-
cally, PTMs provide increasingly accurate candi-
dates for MLLM reasoning, while MLLM supervi-
sion continuously improves PTM representations.
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Table 3: Performance of CRMEA on DBP15Kzy_gn
under different visual modality availability conditions.

Category ‘ Quantity Hit@l MRR LA
Dual-image 8089 968 968 999
Single-image 2367 955 956 997
No-image 1544 941 944 993
°
0.784 o o
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©
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Real images Gaussian noise

Figure 4: Learned gate values for real images (0.746)
and Gaussian noise (0.714).

(Q3) Effectiveness of Adaptive Cross-Modal
Coordination

We further evaluate whether CRMEA can robustly
integrate multimodal evidence under noisy, incom-
plete visual conditions. Table 3 shows the robust-
ness of CRMEA under different visual modality
availability conditions. Under the Dual-image set-
ting, where both entities contain images, CRMEA
achieves the best performance, indicating that vi-
sual information provides complementary align-
ment evidence beyond textual semantics alone.
More importantly, under the Single-image setting,
where only one entity contains an image, CRMEA

still maintains strong alignment accuracy with
only marginal degradation. This demonstrates that
our text-centric fusion and adaptive modality coor-
dination mechanisms can robustly handle incom-
plete multimodal evidence without over-relying on
visual inputs. In contrast, performance decreases
more noticeably under the No-image setting, fur-
ther confirming the positive contribution of visual
modalities to multimodal entity alignment.

Figure 4 shows that our adaptive gating network
adjusted cross-modal fusion in a content-aware
manner. When entities are associated with real
images, the learned gate values were consistently
higher than those under Gaussian-noise images,
with a significant decrease in the mean from 0.746
to 0.714 (paired test p = 1.03e2°). This shift in-
dicates that the gating network dynamically modu-
lated the contribution of visual features based on
semantic reliability, boosting informative visual
cues while suppressing noisy ones, thereby pre-
serving the text-anchored representation.

(Q4) Analysis of Key Components and
Modalities

To evaluate the adaptability and model-agnostic
nature of CRMEA, we conduct backbone substitu-
tion experiments across both PTMs and MLLMs.
As shown in Figure 5(a), CRMEA consistently
maintains strong alignment performance under dif-
ferent text encoders, including BGE (Chen et al.,
2024a), ES (Wang et al., 2022), and LaBSE,
demonstrating that the proposed text-centric fu-
sion and adaptive coordination mechanisms gener-
alize well across heterogeneous embedding spaces.
Although stronger PTMs yield higher absolute per-
formance, the overall performance trend remains
stable, indicating that CRMEA does not rely on a
specific encoder architecture.
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Figure 5: Robustness analysis of CRMEA under differ-
ent PTM and MLLM backbones.

Figure 5(b) shows that CRMEA achieves ro-
bust alignment accuracy across different MLLM
backbones, ranging from lightweight Qwen3-VL-
8B and GLM-4V-9B (Glm et al., 2024) to larger
Qwen3-VL-32B. Notably, the performance gaps
between MLLMs remain relatively small, sug-
gesting that CRMEA effectively stabilizes reason-
ing quality and mitigates stochastic hallucinations
through candidate-space compression and major-
ity voting. These results demonstrate that the
proposed largesmall collaborative framework pos-
sesses strong adaptability, modularity, and flexibil-
ity under diverse PTM and MLLM configurations.

To test the contribution of different design
choices, we conduct ablation studies by selectively
removing textual, visual, and collaborative reason-
ing components. As shown in Table 4, removing
textual attributes (w/o Attribute) causes a substan-
tial performance drop, reducing Hit@1 by 8.5%,
which confirms that attribute-level semantics serve
as the primary alignment anchor beyond structural
information. Removing relation information (w/o
Relation) also leads to noticeable degradation (-
5.4%), highlighting the importance of structural
context for entity alignment.Removing visual fea-
tures (w/o Image) leads to a smaller degradation
(-1.6%), suggesting that visual modality provides
complementary but secondary signals.

Table 4: Ablation study results. "w/o Attribute", "w/o
Relation", "w/o Image" indicate removing attribute, re-
lation, and visual features. "w/o MLLM" removes iter-
ative MLLM reasoning and voting, and "w/o Gate" dis-
ables the adaptive gating. "w/o Self-training" reduces
the framework to one-pass inference without iterative
PTM self-training, and "w/o Voting" replaces majority
voting with a single MLLM response.

Model | Hit@1 MRR

- w/o Attribute 879 (-8.5%)  .881 (-8.4%)
- w/o Relation 909 (-5.4%) 910 (-5.4%)
- w/o Image 946 (-1.6%) 947 (-1.6%)
- w/o MLLM 813 (-15.4%) .851 (-11.5%)
- w/o Gate 951 (-1.0%) 952 (-1.0%)
- w/o Self-training (RO) | 912 (-5.1%)  .914 (-5.0%)
- w/o Voting 952 (-0.9%) 954 (-0.8%)
CRMEA (Full) | 961 962

Table 5: Cost comparison between CRMEA and an ex-
haustive MLLM-only alignment on DBP15K. CRMEA
reduces overall cost to approximately 0.15% of the orig-
inal cost. The estimation assumes 10 candidate pairs, 2
seconds, and 300 tokens per MLLM query on average.

Metric | CRMEA (0.15%) MLLM-only
MLLM query 1.05M 720M

Token consumption | 315M 216B
Runtime 210K seconds 144M seconds

Beyond modality information, the collabora-
tive reasoning mechanism also plays a critical
role. Removing the MLLM collaboration (w/o
MLLM) results in the greatest degradation, reduc-
ing Hit@1 from 0.961 to 0.813 (-15.4%). This
demonstrates that PTM retrieval alone is insuf-
ficient for unsupervised MMEA, while MLLM
reasoning and majority voting provide essential
high-confidence supervision for stable representa-
tion learning. Furthermore, disabling the adap-
tive gating mechanism (w/o Gate) consistently re-
duces performance, validating its effectiveness in
regulating visual information and preserving text-
centric representations.Removing the Self-trainin
(w/o Self-training) reduces Hit@1 to 0.912 (-
5.1%), while disabling voting (w/o Voting) yields
0.952 (-0.9%), confirming the necessity of itera-
tive refinement and majority voting.

(Q5) Cost-effectiveness Analysis

To verify the efficiency of CRMEA, we compared
its computational cost with exhaustive MLLM-
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only alignment on DBP15K. As shown in Ta-
ble 5, CRMEA substantially reduces MLLM-
based alignment cost by compressing the candi-
date space through PTM retrieval and selectively
applying MLLM reasoning to informative candi-
date pairs. Specifically, CRMEA requires only
1.05M MLLM queries, incurring 315M tokens and
210K seconds, whereas exhaustive MLLM-only
alignment requires 720M MLLM queries, 216B
tokens, and 144M seconds. Overall, CRMEA re-
duces the cost by about 685.7 times, demonstrat-
ing strong cost-effectiveness and scalability while
maintaining superior alignment performance.

6 Conclusion

In this paper, we propose CRMEA, a larges-
mall collaborative framework for unsupervised
multimodal entity alignment that unifies PTM re-
trieval and MLLM reasoning through closed-loop
optimization. By combining text-centric adap-
tive fusion and reliable MLLM-assisted pseudo-
supervision, CRMEA achieves robust, scalable,
and cost-effective multimodal entity alignment un-
der diverse multimodal conditions and heteroge-
neous backbone configurations. Extensive exper-
iments demonstrate its strong effectiveness across
diverse datasets and heterogeneous backbones.

Future work will explore richer multimodal
settings and uncertainty-aware reasoning mecha-
nisms to further improve robustness and scalabil-
ity in real-world MMKG applications.

Limitations

Despite its effectiveness, CRMEA has several lim-
itations. First, CRMEA relies on PTM-based
candidate retrieval before MLLM reasoning. Al-
though candidate-space compression improves ef-
ficiency, the framework remains sensitive to re-
trieval recall, since missing the correct counterpart
during candidate generation may irreversibly af-
fect subsequent reasoning and self-training. Sec-
ond, CRMEA adopts a text-centric fusion strat-
egy to improve robustness against noisy visual
evidence. However, when textual descriptions
are sparse or semantically ambiguous, reliance on
textual anchors may limit the contribution of vi-
sual modalities. Third, although CRMEA is more
cost-effective than exhaustive MLLM-based align-
ment, its deployment may still depend on exter-
nal MLLM services, including inference latency,
API pricing, and model-version stability. Finally,

our experiments mainly focus on standard MMEA
benchmarks. Further evaluation on larger-scale
and real-world MMKGs with dynamic modality
availability and evolving entity distributions is
needed to verify the generalizability of CRMEA.
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