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Abstract

Multimodal Entity Linking (MEL) aims to link
mentions in a given context to their correspond-
ing entities in a knowledge base by leverag-
ing both textual and visual information. Ex-
isting MEL methods still underexploit visual
information in real-world scenarios. Most ap-
proaches directly encode raw image-text in-
puts or apply uniform enhancement, while
lacking adaptive modeling of heterogeneous
mention-relevant evidence. Moreover, they typ-
ically rely on single-layer visual representa-
tions or simple cross-modal interactions, fail-
ing to capture hierarchical visual semantics
required for fine-grained disambiguation. To
address these limitations, we propose a novel
MEL framework termed EVEMEL. First, we
introduce an adaptive evidence augmentation
mechanism, which analyzes the visual condi-
tion of each sample and strengthens mention-
relevant discriminative clues, providing more
reliable contextual evidence for entity disam-
biguation. Subsequently, we develop a cross-
modal modeling mechanism that treats multi-
layer visual representations as different seman-
tic granularities and dynamically fuses them
through token-level routing, enabling cross-
modal matching. In addition, a bidirectional
gated intra-modal mechanism is designed to
capture multi-granularity textual and visual
matching signals. Experimental results on pub-
lic benchmark datasets demonstrate that the
proposed EVEMEL outperforms all state-of-
the-art baselines. The code is publicly available
at https://github.com/hanwang86/EVEMEL.

1 Introduction

Entity linking (EL) maps mentions in unstructured
sources (e.g., social media, news, and web content)
to the correct entities in a structured knowledge
base (KB), which benefits numerous downstream
tasks, including information extraction (Hoffart

*These authors contribute equally to this work.
†Corresponding author.

et al., 2011), question answering (Yih et al., 2015)
and semantic search (Hasibi et al., 2016). Tra-
ditional EL methods mainly rely on textual con-
text for disambiguation. However, with the rapid
growth of image-based online content, textual con-
text alone often fails to resolve ambiguity. This
limitation has motivated increasing research inter-
est in Multimodal Entity Linking (MEL). Despite
notable progress, existing MEL methods remain
limited in their utilization of visual information,
leading to two key challenges.

In real-world MEL scenarios, the quality of vi-
sual and textual inputs varies substantially across
samples, and the discriminative clues associated
with a mention may take different forms. For ex-
ample, as illustrated in Figure 1, linking “Trump”
requires focusing on the person region, linking
“Bible” requires capturing fine-grained visual cues
from the handheld object, and linking “St. John’s
Episcopal Church” requires combining textual
signs in the image with contextual information. Ex-
isting MEL methods typically encode the original
text and image directly or apply uniform input en-
hancement, leaving the extraction of discriminative
clues from heterogeneous image-text inputs to the
subsequent multimodal interaction and matching
process. This often results in suboptimal disam-
biguation performance. Therefore, it is necessary
to introduce an adaptive mention evidence augmen-
tation mechanism, which selectively strengthens
mention-relevant discriminative information before
multimodal encoding, providing more reliable con-
textual evidence for downstream disambiguation.

In addition, existing MEL methods typically rely
on a single-layer visual representation or simple
cross-modal attention for multimodal interaction,
which limits their ability to fully exploit the seman-
tic information embedded across different layers of
the visual encoder. In MEL tasks, mention disam-
biguation may require visual evidence at different
granularities: the disambiguation process is often
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President Trump holds a Bible in 

front of St. John's Episcopal Church.

Knowledge Base

St. John’s 
Episcopal Church
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Washington, D.C., United
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Bible

Collection of sacred
books in Judaism
and Christianity

Donald Trump

President of the
United States

from 2017 to 2021

Figure 1: One example of Multimodal Entity Linking.

mention-centered and depends simultaneously on
local details, regional structures, and global con-
cepts. Models need to capture both the overall se-
mantic category of the image and subtle differences
in local regions to distinguish among similar candi-
dates. Therefore, multimodal interaction modules
for MEL should be capable of modeling hierarchi-
cal visual semantics and selectively attending to the
visual evidence most informative for distinguishing
the target mention.

To address the above issues, we propose a novel
MEL framework EVEMEL. First, we design an
Agent-Driven Mention Augmenter (AMA), which
performs mention-centered enhancement on visual
inputs before multimodal encoding. Through sam-
ple analysis and adaptive tool invocation, AMA
provides more reliable contextual evidence for the
key discriminative clues in different samples. Sec-
ond, we propose a Hierarchical Visual MoE based
Cross-modal Matching module (HVMCM), which
models multi-layer ViT representations as hierar-
chical visual experts and learns multi-layer fused
multimodal semantic features through token-level
MoE, thereby performing cross-modal mention–
entity matching. In addition, the Bidirectional
Gated Intra-modal Matching module (BiGIM) cap-
tures bidirectional multi-granularity matching sig-
nals within both textual and visual modalities. Fi-
nally, hard negative mining and a joint training strat-
egy are employed to further enhance the model’s
disambiguation capability. Our main contributions
are summarized as follows:

• We design an Agent-Driven Mention Augmenter
to adaptively enhance mention-centered evidence
from heterogeneous multimodal inputs.

• We propose a hierarchical visual expert routing
module that exploits multi-layer visual semantics
for cross-modal mention–entity matching.

• Extensive experiments on public MEL datasets
demonstrate the effectiveness of EVEMEL.

2 Related Work

Text-based Entity Linking maps mentions to KB
entities by matching textual context with entity de-
scriptions and is typically divided into local and
global methods. Local models (Eshel et al., 2017;
Francis-Landau et al., 2016; Yamada et al., 2016;
Ran et al., 2023) focus on mention-candidate se-
mantic similarity, evolving from CNN/RNN-based
encoders to BERT-style encoders. Global models
(Cao et al., 2018; Wu et al., 2020; Shen et al., 2022;
Jin et al., 2022) jointly resolve multiple mentions
within a document, enforcing entity coherence via
relational or graph-based inference, but at higher
computational cost.

Multimodal Entity Linking enhances text-
based linking by incorporating visual signals to re-
solve ambiguities beyond textual context (Ma et al.,
2025). Existing methods generally fall into two cat-
egories according to how they model multimodal
interactions. Early models, such as DZMNED
(Moon et al., 2018), JMEL (Adjali et al., 2020), and
GHMFC (Wang et al., 2022a), encode global joint
image–text representations and perform candidate
scoring in a shared space, often yielding limited
gains. Multi-level approaches, including MIMIC
(Luo et al., 2023), MELOV (Sui et al., 2024), OT-
MEL (Zhang et al., 2024), M3EL (Hu et al., 2025a),
DCMS (Ma et al., 2026a), and VP-MEL (Lu et al.,
2025), further model both local and global features,
leading to more substantial improvements. Beyond
representation-based matching, recent studies, such
as UniMEL (Liu et al., 2024), FissFuse (Luo et al.,
2024), ThinkLinker (Ma et al., 2026b) and MMoE
(Hu et al., 2025b), have begun to leverage LLMs
to enrich mention or entity semantics and perform
candidate-level verification or reasoning. However,
they still fall short of fully exploiting visual ev-
idence, especially when such evidence is hetero-
geneous, noisy, or requires hierarchical semantic
understanding.

3 Methodology

This section presents our proposed EVEMEL
framework, as illustrated in Figure 2.

3.1 Problem Formulation

We formulate MEL as a multimodal mention–entity
matching problem. Given an entity set E from a
multimodal knowledge base, each entity is repre-
sented as E = (en, ea, ev), where en, ea, and ev

denote the entity name, textual attribute, and visual
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Figure 2: Overview of our proposed EVEMEL framework for Multimodal Entity Linking.

image, respectively. Each mention is represented
as M = (mw,mt,mv), where mw, mt, and mv

denote the mention word, textual context, and asso-
ciated image, respectively.

For each mention M , the MEL task aims to iden-
tify the ground-truth entity E∗ by comparing the
mention with all candidates and selecting the one
with the highest similarity score Score(·):

E∗ = argmax
Ej∈E

Score
(
M,Ej

)
. (1)

3.2 AMA: Agent-Driven Mention Augmenter

Images in MEL often provide heterogeneous and
unreliable evidence: they may be missing, noisy,
text-dependent, multi-object, or symbolic. There-
fore, we formulate mention augmentation as a
lightweight tool-using agent. For each mention,
the agent first diagnoses the visual condition of
the sample, then invokes a suitable specialist tool,
and finally normalizes the tool output into mention-
centered evidence for downstream matching.
Condition-Aware Planner. Given the mention
word wm, its textual context Tm, and the associated
image Vm, the planner acts as a routing policy over
a predefined tool set:

τ = PMLLM(wm, Tm,Vm), τ ∈ A, (2)

where A = {TS, VG, SS, OCR, DC} denotes the
tool set, corresponding to Text Supplement, Vi-
sual Grounder, Symbolic Solver, OCR Augment,
and Default Case, respectively. The planner first
diagnoses the visual condition of the sample and

then determines how the visual evidence should be
accessed or compensated for the current mention.
Tool-Specific Executor. After selecting the tool
τ , the executor applies the corresponding opera-
tion and returns a textual cue, optionally with tool-
specific visual evidence:

(oτ , cτ ) = Toolτ (wm, Tm,Vm), (3)

where oτ is a concise visual semantic cue, and cτ
denotes optional auxiliary visual evidence.

The executor performs the corresponding oper-
ation as follows: (1) TS is invoked for missing
images, where the executor generates a brief vi-
sual description from the mention word and tex-
tual context. (2) VG is invoked for cluttered or
multi-object images, where GroundingDINO1 lo-
calizes the mention-related target and produces a
mention-aware visual cue. (3) OCR is invoked for
text-dependent images, where PaddleOCR (v3.4.1)
2 extracts image text and an LLM refines it with
the mention context into an entity-oriented cue.
(4) SS is invoked for abstract or symbolic images,
where the executor interprets image-level symbolic
visual semantics. (5) DC is invoked for clear single-
subject images, where the executor summarizes the
mention-related visual semantics directly.

The tool output is combined with the original
mention word and textual context to obtain the
enhanced textual input T̃m. If auxiliary visual evi-
dence is produced, it is used to form the enhanced

1https://github.com/idea-research/groundingdino
2https://pypi.org/project/paddleocr/3.4.1
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visual input Ṽm; otherwise, the original image is re-
tained. This keeps the downstream matching model
unchanged while injecting explicit visual semantics
into the mention input.

3.3 HVMCM: Hierarchical Visual MoE based
Cross-modal Matching

After constructing the tool-augmented mention in-
put, we encode mentions and entities. For a men-
tion, the textual input is the enhanced text T̃m from
Section 3.2, and the visual input is the enhanced
image Ṽm if auxiliary visual evidence is available;
otherwise, the original image is used. For an entity,
we concatenate its name and textual attributes as
the textual input Te, and use its associated image
as the visual input Ve. The following procedure is
described using the mention side as an example.

Specifically, for textual features, we use the
CLIP text encoder to produce the local and global
representations, denoted as TL

m and TG
m , respec-

tively. For visual features, we extract hidden states
from multiple intermediate ViT layers and index
them as {V k

m}Kv
k=1, where Kv denotes the number

of selected visual layers. The global visual repre-
sentation is denoted as V G

m . These selected multi-
layer visual features are regarded as hierarchical
visual experts, where lower layers mainly preserve
local visual patterns, while higher layers provide
stronger semantic cues.
Hierarchical Visual Expert Routing. HVMCM
dynamically selects visual semantics from differ-
ent ViT layers. We first apply layer normalization
to the textual tokens and visual expert features.
Then, each visual expert interacts with the tex-
tual tokens through text-guided multi-head cross-
attention, where TL

m serve as the query, and the V k
m

from each layer serve as the key and value.

Ck
m = MHCA(TL

m, V k
m, V k

m), (4)

where k = 1, . . . ,Kv and the resulting Ck
m de-

note the visual-enhanced textual representation pro-
duced by the k-th visual expert.

For each textual token, a linear router followed
by a softmax is applied to the concatenated fea-
tures of TL

m and {Ck
m}Kv

k=1, producing a token-level
distribution for dynamically selecting between the
textual residual expert and all visual experts:

Pm = [P T
m, P 1

m, . . . , P k
m, . . . , PKv

m ], (5)

where P T
m denotes the weight of the textual expert,

and P k
m denotes the weight of the k-th visual expert.

The full routing weights are denoted as Pm.

Token-level MoE Fusion. Each branch first pro-
duces a branch-wise fusion representation. The
textual residual branch gives F T

m = MLPT (T
L
m),

while the k-th visual expert gives F k
m =

MLPk([T
L
m;Ck

m]). For each textual token, the lo-
cal fusion representation is computed by weighting
the textual residual expert and all visual experts
according to the token-level routing distribution:

FL
m = P T

m ⊙ F T
m +

∑Kv
k=1 P

k
m ⊙ F k

m. (6)

This yields the cross-modal fused feature FL
m.

We further reuse the visual-expert routing
weights to obtain routed visual tokens for BiGIM
by averaging them over textual tokens, i.e., P̄ k

m =
1/Nt

∑Nt
i=1 P

k
m,i, where P k

m,i is the routing weight
of the k-th visual expert for the i-th textual token.

Then, the routed visual tokens are computed as

V L
m =

Kv∑

k=1

P̄ k
m∑Kv

k′=1 P̄
k′
m + ϵ

V k
m. (7)

The entity-side routed visual tokens V L
e are ob-

tained in the same manner.
Local-Global Gated Aggregation. After obtain-
ing FL

m, we take its EOT token as the local fused
summary and denote it as F̄L

m. We then compute a
local-text gate and a global-visual gate:

{
λT
m = σ

(
WT [T

G
m ; ProjL(F̄

L
m)]
)
,

λV
m = σ

(
WV [T

G
m ; ProjV (V

G
m )]
)
.

(8)

The two gated branches are defined as
{
F̃m,T = λT

m ⊙ ProjL(F̄
L
m) + (1− λT

m)⊙ TG
m ,

F̃m,V = λV
m ⊙ ProjV (V

G
m ) + (1− λV

m)⊙ TG
m .
(9)

Finally, we obtain the global mention representa-
tion

Fm = Norm

(
F̃G
m,T + F̃G

m,V

2

)
, (10)

where Norm(·) denotes ℓ2 normalization. The
same gated fusion is applied to candidate entities
and hard negative entities, producing Fe and the
corresponding hard-negative representations.

The cross-modal matching score between a
mention and a candidate entity is computed as
SC(m, e) = Fm · Fe, where Fm and Fe are nor-
malized global fusion representations. HVMCM
outputs SC for main cross-modal alignment, to-
gether with the routed visual tokens V L for the
subsequent BiGIM module.
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3.4 BiGIM: Bidirectional Gated Intra-modal
Matching

While HVMCM performs cross-modal fusion
within each mention or entity instance, BiGIM fur-
ther models fine-grained mention–entity matching
within the same modality. After HVMCM, each
mention–entity pair contains textual features TG

m ,
TL
m, TG

e , and TL
e , and visual features V G

m , V L
m , V G

e ,
and V L

e . Since the textual and visual branches share
the same formulation, we use the visual branch as
an example.
Bidirectional Intra-modal Matching. We first
project the global visual representations into a
shared matching space and normalize them, de-
noted as V̂ G

m and V̂ G
e . BiGIM then computes two

directional local matching signals. In the entity-
to-mention direction, entity visual tokens query
mention visual tokens through cross-attention. We
first pool the cross-attention output into a local in-
teraction representation:

V L
e→m = Pool(CrossAttn(V L

e , V L
m , V L

m)), (11)

where V L
e serves as the query, and V L

m serves as the
key and value. Then, we inject the mention-side
global visual signal through a learnable residual
gate:

V G
e→m = Norm(V L

e→m + λV
e→mV̂ G

m ). (12)

We compute the entity-to-mention score as SV
e2m =

V G
e→m(V̂ G

e )⊤. The mention-to-entity score SV
m2e

is obtained analogously by swapping the mention
and entity inputs. In addition, BiGIM computes a
coarse global-to-global score SV

G = V̂ G
m (V̂ G

e )⊤.
Gated Score Fusion. The final visual intra-modal
matching score is obtained by a learned weighted
fusion of the three scores:

SV = πV
GS

V
G + πV

e2mSV
e2m + πV

m2eS
V
m2e, (13)

where πV = [πV
G , π

V
e2m, πV

m2e] is produced by a
softmax over learnable fusion parameters. The
textual matching score ST is computed in the same
way using TG

m , TL
m, TG

e , and TL
e . The two modality-

specific scores are used as fine-grained auxiliary
signals during training, complementing the global
cross-modal alignment learned by HVMCM.

3.5 Training Strategy
The previous modules produce three types of
matching scores. HVMCM computes the global
cross-modal score SC(m, e) between a mention

and a candidate entity. BiGIM further produces two
fine-grained intra-modal scores, namely the tex-
tual score ST (m, e) and the visual score SV (m, e).
During training, SC is used for the main cross-
modal alignment objective, while ST and SV are
used as auxiliary supervision signals to strengthen
textual and visual discrimination.
Hard Negative Mining. In-batch negatives are
often easy negatives determined by batch sampling,
which provides limited supervision for distinguish-
ing semantically similar entities. We therefore con-
struct an offline hard negative pool using CLIP-
based text retrieval. Each mention text and entity
text is encoded by the CLIP text encoder, and nor-
malized entity embeddings are indexed with FAISS.
For each mention, we retrieve the nearest entities
and remove the gold entity. During training, we
sample Kh hard negatives from this pool and com-
bine them with in-batch entities for both the main
and BiGIM-based auxiliary objectives.
Dynamic Auxiliary Weights. Different instances
may rely on textual or visual information to dif-
ferent degrees. We therefore derive auxiliary
weights from the token-level routing distribution
P = [P T , P 1, . . . , PKv ] produced by HVMCM.
After averaging P over the batch and textual to-
kens, we clip the averaged textual residual weight
as ωT and the summed visual expert weights as
ωV .
Joint Training Objective. For the i-th mention,
the candidate set Ci contains its gold entity, in-
batch entities, and sampled hard negatives. Given a
matching score function S(·, ·) and a scaling factor
κ, we define a generic contrastive objective:

L(S, κ) = − 1

B

B∑

i=1

log
exp(κS(mi, e

+
i ))∑

e∈Ci exp(κS(mi, e))
.

(14)
We instantiate this objective with different match-
ing scores. The main loss is computed as Lmain =
L(SC , γ), where γ is a learnable scaling param-
eter. The textual and visual auxiliary losses
are computed as LT = L(ST , 1/τ) and LV =
L(SV , 1/τ), where τ is a fixed temperature. The
final training objective is

Ltotal = Lmain + ωTLT + ωV LV . (15)

Overall, the main loss learns global cross-modal
mention–entity alignment, while the two auxil-
iary losses improve fine-grained textual and visual
matching.
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Methods WikiDiverse WikiMEL RichpediaMEL
MRR H@1 H@3 H@5 MRR H@1 H@3 H@5 MRR H@1 H@3 H@5

CLIP (Radford et al., 2021) 71.69 61.21 79.63 85.18 88.23 83.23 92.10 94.51 77.57 67.78 85.22 90.04
ViLT (Kim et al., 2021) 45.22 34.39 51.07 57.83 79.46 72.64 84.51 87.86 56.63 45.85 62.96 69.80
ALBEF (Li et al., 2021) 69.93 60.59 75.59 81.30 84.56 78.64 88.93 91.75 75.29 65.17 82.84 88.28

METER (Dou et al., 2022) 63.71 53.14 70.93 77.59 79.49 72.46 84.41 88.17 74.15 63.96 82.24 87.08
DZMNED (Moon et al., 2018) 67.59 56.90 75.34 81.41 84.97 78.82 90.02 92.62 76.63 68.16 82.94 87.33
GHMFC (Wang et al., 2022a) 70.99 60.27 79.40 84.74 83.36 76.55 88.40 92.01 80.76 72.92 86.85 90.60

MELOV (Sui et al., 2024) 76.57 67.32 83.69 87.54 92.32 88.91 95.61 96.58 88.80 84.14 92.81 94.89
OT-MEL (Zhang et al., 2024) 75.43 66.07 82.82 87.39 92.59 88.97 95.63 96.96 88.27 83.30 92.39 94.83
MIMIC† (Luo et al., 2023) 79.19 70.79 85.76 89.75 91.79 87.89 95.13 96.34 88.42 83.64 92.62 94.69
M3EL† (Hu et al., 2025a) 81.29 74.06 86.57 90.04 92.30 88.84 95.20 96.71 88.26 82.82 92.73 95.34
VP-MEL† (Lu et al., 2025) 77.81 68.62 85.03 89.27 90.61 86.63 93.65 95.53 86.78 81.50 90.79 93.57
FissFuse (Luo et al., 2024) – – – – 92.02 87.89 95.36 – – – – –
MMoE† (Hu et al., 2025b) 84.23 77.57 89.12 92.49 93.75 90.77 96.27 97.41 89.86 85.51 93.43 95.31

EVEMEL 83.49 77.82 88.31 90.52 93.55 90.71 95.94 96.90 89.89 85.43 93.35 95.59
EVEMEL† (w/o AMA) 86.44 81.33 90.86 92.88 93.18 89.88 95.94 97.14 89.96 85.74 93.37 95.31

EVEMEL† 89.48 85.66 92.54 94.47 94.59 92.22 96.40 97.50 91.17 87.56 93.99 95.73
∆ +3.04 +4.33 +1.68 +1.59 +1.41 +2.34 +0.46 +0.36 +1.21 +1.82 +0.62 +0.42

Table 1: Performance comparison of all baselines on three MEL datasets. The best and second-best results are
highlighted in bold and underline. Bold method names indicate LLM-enhanced methods. † indicates that entity-side
descriptions are concatenated into the entity input. ∆ denotes the improvement brought by module AMA. Except
for MIMIC and VP-MEL, which are reproduced by ourselves, all other baseline results are taken from MMoE.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on three pub-
lic MEL benchmarks: WikiDiverse (Wang et al.,
2022b), WikiMEL, and RichpediaMEL (Wang
et al., 2022a). For fair comparison, we follow the
original data splits provided by Luo et al. (2023).
Details are given in Appendix A.
Metrics. We evaluate all methods using H@k and
MRR. H@k measures whether the gold entity ap-
pears in the top-k candidates (k ∈ {1, 3, 5}), MRR
denotes the average reciprocal rank of the gold
entity. Higher values indicate better performance.
Baselines. We compare our EVEMEL with two
groups of baselines. The first group includes
vision-language pre-trained methods, including
CLIP (Radford et al., 2021), ViLT (Kim et al.,
2021), ALBEF (Li et al., 2021), and METER (Dou
et al., 2022). The second group includes represen-
tative MEL methods, including DZMNED (Moon
et al., 2018), GHMFC (Wang et al., 2022a), Fiss-
Fuse (Luo et al., 2024), MELOV (Sui et al., 2024),
OT-MEL (Zhang et al., 2024), MIMIC (Luo et al.,
2023), VP-MEL (Lu et al., 2025), M3EL (Hu et al.,
2025a), and MMoE (Hu et al., 2025b). We provide
detailed descriptions of baselines in Appendix B.
Implementation Details. Our proposed method
is implemented using the PyTorch framework and
trained on a NVIDIA GTX A6000 GPU. We use
"clip-vit-base-patch32" as the backbone encoder

and fine-tune it during training. The selected visual
expert layers are {0, 3, 6, 9, 12}. The batch size is
128, the maximum number of epochs is 20, and
early stopping is applied with patience 3 based on
validation MRR. We use a fixed random seed of
43 for all experiments. Additional implementation
details are provided in Appendix D.

4.2 Main Results

Table 1 summarizes the performance of all base-
lines on three datasets. Overall, MEL-specific
methods generally outperform generic vision-
language pretrained models. This indicates that
general cross-modal representations alone are insuf-
ficient for accurate entity disambiguation, and MEL
requires more explicit modeling of the correspon-
dence between mentions and entities. Recent meth-
ods, such as MIMIC, M3EL, and MMoE, achieve
stronger performance by introducing task-oriented
multimodal interaction, fine-grained matching, or
richer entity-side semantics. Interestingly, after
incorporating entity description information, mod-
els generally achieve substantial performance im-
provements on the more challenging WikiDiverse
dataset, suggesting that richer entity semantics are
beneficial for handling diverse contexts.

Our final model achieves the best results across
all datasets. The results show that even without
the AMA module, EVEMEL already obtains com-
petitive performance. This can be attributed to its
effective exploitation of multi-granularity visual
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Methods WikiDiverse WikiMEL RichpediaMEL
Metrics MRR H@1 H@3 MRR H@1 H@3 MRR H@1 H@3
w/o HVMCM 73.15 ↓16.33 66.07 ↓19.59 78.01 ↓14.53 91.18 ↓3.41 87.42 ↓4.80 94.35 ↓2.05 86.33 ↓4.84 82.06 ↓5.50 89.02 ↓4.97
w/o Weight P 82.41 ↓7.07 75.60 ↓10.06 88.16 ↓4.38 93.92 ↓0.67 91.02 ↓1.20 96.28 ↓0.12 88.69 ↓2.48 84.50 ↓3.06 91.89 ↓2.10
w/o Hard Negatives 85.43 ↓4.05 79.56 ↓6.10 90.47 ↓2.07 93.88 ↓0.71 91.00 ↓1.22 96.17 ↓0.23 88.16 ↓3.01 83.02 ↓4.54 92.17 ↓1.82
w/o Vision-BiGIM 89.73 ↑0.25 85.85 ↑0.19 92.64 ↑0.10 92.23 ↓2.36 88.93 ↓3.29 94.78 ↓1.62 89.43 ↓1.74 85.09 ↓2.47 92.90 ↓1.09
w/o Text-BiGIM 89.43 ↓0.05 85.23 ↓0.43 92.28 ↓0.26 95.25 ↑0.66 93.15 ↑0.93 97.16 ↑0.76 91.64 ↑0.47 87.84 ↑0.28 94.64 ↑0.65
w/o BiGIM 88.82 ↓0.66 84.22 ↓1.44 92.69 ↓0.15 93.23 ↓1.36 90.19 ↓2.03 95.88 ↓0.52 89.90 ↓1.27 85.65 ↓1.91 93.12 ↓0.87
EVEMEL 89.48 85.66 92.54 94.59 92.22 96.40 91.17 87.56 93.99

Table 2: Ablation study on key components of EVEMEL.

information and the carefully designed hierarchical
cross-modal interaction mechanism. After further
incorporating AMA, the model achieves additional
improvements. Compared with the strongest base-
line MMoE, EVEMEL improves H@1 by 8.09,
1.45, and 2.05 points on three datasets respectively.
The larger improvement on WikiDiverse can be
explained by the fact that, when visual inputs are
more diverse, noisy, or require additional interpreta-
tion, AMA provides useful mention-side semantic
cues that complement the hierarchical multimodal
matching mechanism.

4.3 Ablation Study

Model Component Ablation. Table 2 reports
the component ablation results. First, removing
HVMCM causes substantial performance drops on
all datasets, indicating that this mechanism is the
core component of our method. The more signifi-
cant drop on WikiDiverse further suggests that hier-
archical visual expert routing is particularly impor-
tant for diverse multimodal contexts. Removing the
dynamic auxiliary weights P also leads to notable
performance degradation, demonstrating the impor-
tance of adaptive loss weighting. Second, removing
the entire BiGIM module decreases performance
across all three datasets, showing that bidirectional
intra-modal matching serves as a useful comple-
ment. However, its textual and visual branches
provide effective but dataset-dependent supervi-
sion signals. When textual semantics are already
sufficiently informative, additional textual supervi-
sion may become redundant. For the visual branch,
it improves discrimination when visual clues are
relatively clear, whereas on WikiDiverse, the visual
supervision signal is less stable. Finally, removing
hard negatives leads to performance degradation,
indicating that challenging negative samples help
distinguish semantically similar entities, especially
for datasets with larger entity sets.
Tool Ablation. Table 3 reports the ablation re-
sults of the AMA. Removing Default Case leads to
relatively large drops on both datasets, indicating

Dataset Method MRR H@1 H@3

W
ik

iD
iv

er
se

w/o Default Case 87.56 ↓1.92 82.68 ↓2.98 91.58 ↓0.96
w/o Symbolic Solver 89.10 ↓0.38 85.23 ↓0.43 92.25 ↓0.29
w/o Visual Grounder 88.72 ↓0.76 84.79 ↓0.87 91.48 ↓1.06
w/o OCR Augment 89.38 ↓0.10 85.43 ↓0.23 92.45 ↓0.09
w/o Text Supplement 88.42 ↓1.06 83.97 ↓1.69 91.96 ↓0.58
EVEMEL 89.48 85.66 92.54

W
ik

iM
E

L

w/o Default Case 93.53 ↓1.06 90.65 ↓1.57 95.99 ↓0.41
w/o Symbolic Solver 94.39 ↓0.20 91.89 ↓0.33 96.21 ↓0.19
w/o Visual Grounder 94.36 ↓0.23 91.78 ↓0.44 96.18 ↓0.22
w/o OCR Augment 94.51 ↓0.08 92.02 ↓0.20 96.34 ↓0.06
w/o Text Supplement 94.59 -0.00 92.22 -0.00 96.40 -0.00
EVEMEL 94.59 92.22 96.40

Table 3: Ablation study of different AMA tools.
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Figure 3: Sensitivity analysis of ViT layer selection.

that explicit visual semantic descriptions are still
useful even for clear single-subject images. The
effects of other tools are more dataset-dependent.
Text Supplement has no effect on WikiMEL be-
cause there are no missing images, but its removal
causes a notable performance drop on WikiDiverse.
Visual Grounder also plays an important role in
localizing mention-related regions in multi-object
or noisy images. Symbolic Solver and OCR Aug-
ment bring smaller but consistent gains due to the
limited number of corresponding samples. Over-
all, AMA improves MEL task by selecting suitable
tools across visual conditions, rather than relying
on a single tool to enhance all samples.

4.4 Discussion and Analysis
Sensitivity to ViT Layers. Figure 3 analyzes the
impact of different ViT layer selections. For single-
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Figure 4: Training Dynamics of Visual Expert Weights.
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Figure 5: Training Dynamics of ωT and ωV .

layer, both datasets benefit more from high-level vi-
sual representations than from the lower layer, with
the best results achieved at layer 9 on WikiMEL
and layer 12 on WikiDiverse. Multi-layer gener-
ally outperforms single-layer, but using all hidden
states does not yield the best performance. Instead,
the five-layer setting {0, 3, 6, 9, 12} achieves the
best results on both datasets. These results indicate
that selecting representative layers from different
depths provides a better balance between low-level
visual details and high-level semantic cues.

Router Behavior. Figure 4 shows that the rout-
ing patterns change during training and gradually
become stable. Moreover, HVMCM learns dif-
ferent routing patterns according to the charac-
teristics of different datasets. The router assigns
higher weights to middle and high ViT layers on
WikiMEL, suggesting that semantic-level visual
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Figure 6: Transferability of AMA across different MEL
backbones.

cues are more useful for this dataset. In contrast,
WikiDiverse assigns the largest weight to layer 3,
indicating a stronger reliance on relatively fine-
grained visual features. Figure 5 further illustrates
the evolution of the loss weights ωT and ωV during
training. Overall, the router assigns higher weights
to the textual expert, indicating that text remains
the dominant signal in MEL. In addition, WikiMEL
maintains relatively higher visual weights due to
the higher quality of its mention images, while
WikiDiverse reduces its reliance on visual signals.
Therefore, the learned weights serve as a bridge
between HVMCM and BiGIM, allowing the rout-
ing preferences to guide modality-specific auxiliary
supervision.

Transferability of AMA To examine whether
AMA can generalize to different MEL methods,
we apply it to three representative existing back-
bones, including M3EL, VP-MEL, and MIMIC.
As shown in Figure 6, AMA consistently improves
all models across the three datasets, demonstrating
that it can serve as a plug-and-play mention aug-
mentation module. On average, AMA improves
H@1 by 2.61 points across the combinations of
models and datasets. The gains are particularly
notable on WikiDiverse, suggesting that AMA is
especially beneficial under visually diverse or noisy
scenarios.

5 Conclusion

In this work, we propose EVEMEL, a novel frame-
work for MEL. EVEMEL introduces an adap-
tive mention evidence augmentation mechanism
to strengthen mention-relevant visual clues before
encoding, and further exploits hierarchical visual
semantics through multi-layer expert routing for
cross-modal matching. Extensive experiments on
public MEL datasets verify the effectiveness and
interpretability of EVEMEL.
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Limitations

EVEMEL improves MEL by adaptively enhancing
mention-relevant visual evidence and exploiting hi-
erarchical visual semantics. However, AMA relies
on external MLLMs and visual tools to construct
enhanced mention evidence. Although this process
provides richer semantic complements, it also intro-
duces additional offline preprocessing costs. There-
fore, improving the processing efficiency while
maintaining the reliability of augmented evidence
will be an important direction for future optimiza-
tion. In addition, the current method mainly fo-
cuses on textual and visual modalities, and has not
fully considered the varying modality requirements
across different samples. Future work can explore
more flexible modality selection mechanisms, al-
lowing the model to adaptively decide whether to
invoke external tools or use specific modalities ac-
cording to sample complexity and modality quality.
Meanwhile, extending MEL to more complex sce-
narios involving video, audio, and other modalities
is also a promising direction for further research.
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A Statistics of Datasets

Table 4: Statistics of the three datasets. “With images”
denotes mentions or entities associated with images.

Statistic Wiki
Diverse

Wiki
MEL

Richpedia
MEL

Sentences 7,405 22,070 17,724

Mentions

Total 15,093 25,846 17,805
With images 6,697 22,136 15,853
Train 11,351 18,092 12,463
Valid 1,664 2,585 1,780
Test 2,078 5,169 3,562

KB entities Total 132,460 109,976 160,935
With images 67,309 67,195 86,769

In the experiments, we validate the effectiveness
of our proposed method on three datasets: Rich-
pediaMEL, WikiMEL, and WikiDiverse. Richpe-
diaMEL (Wang et al., 2022a) contains more than
17,000 multimodal samples, with entities gathered
from Richpedia and corresponding multimodal in-
formation retrieved from Wikipedia. WikiMEL
(Wang et al., 2022a) comprises over 22,000 mul-
timodal samples, constructed by collecting enti-
ties from Wikidata and subsequently extracting tex-
tual and visual descriptions for each entity from
Wikipedia. WikiDiverse (Wang et al., 2022b) in-
cludes over 8,000 diverse context topics and entity
types sourced from Wikinews, using Wikipedia,
which hosts more than 16 million entities, as the
corresponding knowledge base.

Table 4 summarizes the statistics of the three
datasets. Their differences in scale, KB size, and
image availability provide diverse evaluation sce-
narios for MEL. For fair comparison, we follow the
original train/validation/test splits of all datasets.

B Descriptions of Baselines

The baseline methods employed in the experimen-
tal section are described as follows:

CLIP (Radford et al., 2021) is a contrastive
vision–language model trained on large-scale
image–text pairs, providing a shared embedding
space for text–image similarity.

ViLT (Kim et al., 2021) is a vision-language
pretrained model that directly feeds image patch
embeddings and text embeddings into Transformer,
without using convolutional or region features.

ALBEF (Li et al., 2021) aligns visual and tex-
tual representations before cross-modal fusion. It
combines contrastive learning, image–text match-

ing, masked language modeling, and momentum
distillation to learn robust representations.

METER (Dou et al., 2022) is an end-to-end
vision–language Transformer framework that sys-
tematically studies key design choices in multi-
modal pretraining.

DZMNED (Moon et al., 2018) is an early MEL
model that integrates short textual context and asso-
ciated images via attention mechanisms for entity
disambiguation in noisy social media posts.

GHMFC (Wang et al., 2022a) is a MEL model
that mines fine-grained cross-modal relations with
Transformer-based encoders and employs gated
fusion and contrastive training to obtain more in-
formative multimodal entity representations.

MELOV (Sui et al., 2024) improves multimodal
entity linking by optimizing visual features in a
latent space, aiming to reduce the noise introduced
by raw visual representations and enhance visual
evidence for entity disambiguation.

OT-MEL (Zhang et al., 2024) introduces opti-
mal transport to guide correlation assignment be-
tween multimodal mention and entity features, en-
abling more structured cross-modal matching.

MIMIC (Luo et al., 2023) is a multi-granularity
interaction framework that explicitly models fea-
ture interactions between mentions and entities
across modalities using several cross-modal units
at local and global levels.

MMoE (Hu et al., 2025b) proposes a multi-level
mixture-of-experts architecture, utilizing dynami-
cally routed experts to capture complex heteroge-
neous cross-modal interactions.

M3EL (Hu et al., 2025a) is a multi-level match-
ing network that extracts modality-specific rep-
resentations and employs intra-modal contrastive
learning to align visual and textual features.

FissFuse (Luo et al., 2024) adopts a fission-
fusion dual-branch architecture to model modality-
specific features, optionally augmented with an
LLM-based re-ranking stage.

VP-MEL (Lu et al., 2025) introduces a visual-
prompt-guided MEL framework that leverages vi-
sual prompts to guide textual cues and uses vision–
language models to supplement latent textual infor-
mation for precise entity linking.

C Detailed Prompts for AMA

The detailed AMA prompts for the planner and tool
executors are shown in Figure 7a and Figure 7b,
respectively.
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Role: You are the Visual Strategy Controller (Planner) of a multimodal entity linking system. Your core task is to select the best visual feature extraction strategy for 
downstream models based on the input Mention, Sentence, and Image Metadata, using internal reasoning, and output a standardized JSON tool-call instruction.

Tools Description:  Select tools strictly according to the definitions and scenarios below.

Decision Logic Priority
1. Check image availability: if no image -> Text_Supplement.
2. Check abstractness: if the Mention is abstract and the image-text relation is non-literal -> Symbolic_Solver.
3. Check text dependency: if entity recognition heavily depends on text in the image, such as a book title -> OCR_Augment.
4. Check background interference: if the background is cluttered or ambiguous -> Visual_Grounder.
5. Default: if the image is clear and has a single subject -> Default_Case.
Important: You must select exactly one tool. Do not output no-tool calls.

Output Format
Output must be strict JSON containing:
- "reasoning": an empty string
- "tool_call": the selected tool and its parameters
Although "reasoning" must be empty, you should still perform the reasoning internally.

1. Text_Supplement
- Scenario: Missing Image.
- Trigger: has_image is False.
- Function: Use the LLM’s world 
knowledge to infer the entity’s standard 
visual appearance from the text context.
- Constraint: If has_image is True, 
never call Text_Supplement.

2. Visual_Grounder
- Scenario: Multi-Entity Grounding and concrete reference.
- Trigger: The Mention refers to a specific physical entity, such as a person or object in the image, and the image has a cluttered 
background, multiple similar objects, or requires precise localization.
1. Cluttered background needs noise removal.
2. Multi-subject disambiguation: If the image contains multiple salient subjects, such as a group photo, two people, or many 

objects, and the Mention refers to only one specific individual/entity, crop the target to remove interference from other subjects.
- Constraint: Never use this tool for place names, cities, countries, administrative regions, or abstract locations. If the Mention is a 
place name, skip this tool.
- Function: Call a detection model to physically crop the target and remove background noise.

3. Symbolic_Solver
- Scenario: Abstract concepts, modifiers, and non-literal correspondence.
- Trigger:
1. The Mention is an abstract noun, such as “Justice” or “Economy”.
2. The Mention is an adjective, place-based adjective, or style, such as 

“American” or “Pichileminian”.
3. Containment and non-iconic cases: The Mention is a broad region or place 

name, such as “Westminster” or “Japan”, while the image only shows an 
ordinary object, building, or map from that region, such as a bank, a bowl of 
ramen, or a city/country map, and the image cannot strongly represent the 
place. If the image is not an iconic landmark of the place, such as the Eiffel 
Tower for Paris, treat it as symbolic/contextual rather than the entity itself.

- Function: Preserve the full-image context and mark it as symbolic mode, 
guiding the downstream model to focus on overall atmosphere or cultural context 
instead of forcing alignment with specific pixels.

4. OCR_Augment
- Scenario: Text-rich image.
- Trigger: The Mention is a book title, movie title, 
plaque, or organization name, and the image clearly 
contains text, such as a poster, cover, or document.
- Function: Extract text from the image as enhanced 
features.
- Constraint: If the image, Mention, and Sentence 
are strongly related, and OCR_Augment is selected 
due to visible text, preserve useful visual information 
as well by setting "auxiliary_info": "image reserved", 
because visual shape is usually more robust than 
OCR. If the relationship is weak, leave 
"auxiliary_info" empty and do not preserve visual 
information.

5. Default_Case
- Scenario: Single-object close-up and 
dual augmentation.
- Trigger: The image is clear, contains 
only the target subject, and has no 
obvious ambiguity.
- Function: Preserve the original visual 
features and generate a detailed 
semantic description, providing dual-
modal redundancy.
- Constraint: If the image contains two 
or more salient subjects, such as two 
people sitting together, and the Mention 
refers to only one of them, never use 
this tool. Use Visual_Grounder instead. 

(a) Planner prompt.
# Role
Your task is to identify a specific entity in a 
multimodal context, using both image and 
text, and provide a precise encyclopedic 
definition for disambiguation.

# Input Data
Entity Name: "{mention_name}"
Context: "{mention_context}"
Image: [Attached Image]

# Task
Based on the visual clues and the provided 
text context, generate a single-sentence 
description defining who or what the entity 
is.

# Constraints
- Focus only on the target entity itself. Do 
not describe the whole image, background, 
environment, or camera angle.
- The description must be factual, like the 
opening sentence of a Wikipedia entry.
- Use internal world knowledge to add 
distinguishing background information, 
such as nationality, occupation, location, or 
major achievements.
- Do not mention meaningless appearance 
details, such as clothing color. Focus on 
semantic identity or real-world status.
- The output must be purely objective. Do 
not use any wording that implies the 
existence of an image, such as “as seen in 
the image,” “shown in the picture,” or “the 
photo displays.”
- Use English.
- Keep the summary under 25 words.

# Output Format
[Your description]

# Role
Your task is to identify an abstract 
entity or broad concept in a 
multimodal context and provide a 
precise encyclopedic definition for 
disambiguation.

# Input Data
Entity Name: "{mention_name}"
Context: "{mention_context}"
Image: [Attached Image]

# Task
Generate a single-sentence description 
defining what the entity is.

# Constraints
- Treat the image only as a symbol or 
partial representation of the entity, 
such as a chart for “economy” or a 
street for “city.” Do not equate the 
entity with specific objects in the 
image.
- Infer the deeper meaning, cultural 
context, or overall atmosphere 
conveyed by the image, and combine 
it with the text context and world 
knowledge to define the entity.
- Focus only on the entity itself. Do
not describe the literal image content.
- The output must be purely objective. 
Do not use any wording that implies 
the existence of an image, such as “as 
seen in the image,” “shown in the 
picture.”
- Use English.
- Keep the summary under 25 words.

# Output Format
[Your description]

Default_Case Symbolic_Solver

# Role
Your task is to precisely identify a target 
entity in a complex multimodal context with 
cluttered backgrounds or multiple subjects, 
and provide an encyclopedic definition for 
disambiguation.

# Input Data
Entity Name: "{mention_name}"
Context: "{mention_context}"
Image: [Attached Image]

# Task
Use the visual clues and context to generate 
a single-sentence description defining who 
or what the entity is.

# Constraints
- Ignore background noise and unrelated 
subjects. Align strictly with the text context 
and focus only on the target entity.
- Do not describe the surroundings, 
irrelevant people, occlusions, or the image’s 
overall composition.
- Use a factual, encyclopedic style, like the 
first sentence of a Wikipedia entry.
- Use internal knowledge to provide key 
background information, such as social 
identity or functional role.
- Do not mention meaningless appearance 
details, such as clothing color. Focus on 
semantic identity or real-world status.
- The output must be purely objective. Do 
not use wording that implies the existence of 
an image, such as “as seen in the image”
- Use English.
- Keep the summary under 25 words.

# Output Format
[Your description]

Visual_Grounder

# Role
Your task is to identify the target 
entity using context, extracted OCR 
text, and visual clues, then provide a 
precise text-only encyclopedic 
definition for entity linking.

# Input Data
Entity Name: "{mention_name}"
Context: "{mention_context}"
Raw OCR Text: 
"{ocr_extracted_text}"
Image: [Attached Image]

# Task
Treat OCR text and visual features, 
such as logos or distinctive 
typography, only as clues to confirm 
the entity’s real-world identity. Then 
use world knowledge to generate a 
single objective sentence defining 
what or who the Entity Name refers to.

# Constraints
- Focus only on the input Entity Name. 
OCR text is only supporting evidence. 
For example, if the entity is "TED", 
define TED itself, not a specific 
TEDx event found in OCR.
- The output must be a purely 
objective factual definition. Do not 
describe the image scene, text carrier, 
layout, or position.
- Filter OCR noise such as typos, 
fragments, irrelevant background text.
- Use English.
- Keep the summary under 25 words.

# Output Format
[Your description]

OCR_Augment

# Role
Your task is to provide an objective 
encyclopedic or typical visual 
description of the target entity based 
only on text context, helping 
downstream entity linking when no 
image is available.

# Input Data
Entity Name: "{mention_name}"
Context: "{mention_context}"

# Task
Infer the real identity of the Entity 
Name in the sentence, then use 
world knowledge to provide one 
objective encyclopedic definition. 
Emphasize typical static features or 
visual appearance.

# Constraints
- The output must be a general 
encyclopedic definition. For 
example, if the entity is a college 
sports team, describe it as a team 
representing a higher education 
institution, usually wearing 
uniforms with the university logo 
and colors.
- Do not describe specific events, 
actions, or states from the current 
context.
- Ignore irrelevant entities and 
details. Focus only on the essential 
nature of the Entity Name.
- Use English.
- Keep the summary under 30 words.

# Output Format
[Your description]

Text_Supplement

(b) Tool executor prompt.

Figure 7: Prompt templates used in AMA.
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Figure 8: Effect of various MLLM backbones for AMA.

D Implementation Details

We fine-tune Hugging Face CLIP-ViT-B/32 as the
backbone encoder. Images are resized to 224×224,
the maximum text length is set to 60, and missing
images are replaced with a black placeholder. The
hidden dimensions of the text representation, fusion
representation, and BiGIM matching space are set
to 512, 512, and 256, respectively. Cross-attention
layers use 8 heads with a dropout rate of 0.1.

We optimize the model with AdamW, using
learning rates of 3 × 10−5 for the backbone and
3 × 10−4 for newly introduced modules, with a
weight decay of 1× 10−4. The contrastive temper-
ature is set to 0.07, and the learnable logit scale is
initialized as log(1/0.07).

Hard negatives are mined offline using a FAISS
index built from CLIP text embeddings. For each
mention, we retrieve the top-50 nearest entities, re-
move the gold entity by QID, and keep the top-10
as the hard negative pool, from which one negative
is sampled during training. AMA outputs are gen-
erated offline using only mention-side information.
GLM-4.6V-Flash is used for planning and cue gen-
eration, while Grounding DINO and PaddleOCR
implement Visual Grounder and OCR Augment,
respectively.

E Effect of MLLM Backbones.

Figure 8 compares different MLLM backbones
used in AMA. As shown in the figure, GLM-4.6V-
Flash achieves the best performance, demonstrating
that the quality of generated visual cues can affect
the final entity linking results. Moreover, incorpo-
rating AMA with different backbones consistently
yields substantial performance improvements over
EVEMEL without AMA. This indicates that our
method is not highly sensitive to model scale, and
that the AMA module can deliver stable improve-
ments even with relatively lightweight LLMs.
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88.92
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Figure 9: Effect of the number of hard negatives.

F Effect of Hard Negatives.

Figure 9 shows that increasing the number of hard
negatives does not consistently improve perfor-
mance. While Kh = 2 improves RichpediaMEL,
larger Kh brings limited gains or even drops on
WikiMEL and WikiDiverse. This suggests that
hard negatives provide challenging supervision, but
excessive hard negatives may introduce noisy can-
didates and increase computational cost. We there-
fore use a small number of hard negatives in ex-
periments to balance effectiveness and efficiency.

G Case Study

Figure 10 presents representative cases to illustrate
how AMA improves mention disambiguation under
different visual conditions. For clear single-subject
images, the default tool provides concise visual se-
mantics and helps distinguish visually or semanti-
cally similar candidates, such as ranking Bernhard
Glass above other entities sharing the same sur-
name. For multi-object images, the visual grounder
focuses on the mention-related region and filters
out irrelevant visual context, enabling the model
to correctly link the mention to Barack Obama.
When the image contains informative text, OCR
Augment extracts entity-related textual evidence
from the image, which helps recover the correct en-
tity Leopold Einstein from a lower initial rank. For
abstract or symbolic images, the symbolic solver
converts visual cues into higher-level semantic con-
cepts, allowing the model to link the sports-related
mention to Germany. In cases where the image is
missing or uninformative, Text Supplement gener-
ates a reasonable visual-semantic description from
the mention context, helping the model distinguish
tablet computer from other ambiguous meanings
of “tablet”. These examples show that AMA pro-
vides mention-specific complementary evidence
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Bernhard	Glass

In	July	2010,	Glass
became	a	coach	of	
the	Canadian	Luge	

Association.

Mention

Canadian	
professional	ice	
hockey	player

Tanner	Glass 	Bernhard	Glass

East	German	
luger

Presley	T.	Glass

American	
politician

Tanner	Glass Fridolin	Glass

Used	Tool Top1 Top2 Top3

Initial
Rank

Final
Rank

Rank

Tool_output:	Glass	is	a	coach	
for	 the	 Canadian	 Luge	
Association,	 having	 joined	
the	organization	in	July	2010.

Default_Case
Fridolin	Glass

Presley	T.	Glass

Top4

Barack	Obama

May	receiving	the	
Medal	of	Arts	award	
from	President	

Obama, July	13,	2013

Lawyer	and	Former	
First	Lady	of	the	
United	States

Michelle	Obama Barack	Obama

president	of	the	
United	States	from	
2009	to	2017

Obama	josefi

species	of	
Turbellaria

Michelle	Obama Barack	Obama	Sr.

Initial
Rank

Final
Rank

Tool_output:
Barack	 Obama	 is	
the	 44th	 President	
of	the	United	States,	
who	 presented	 the	
National	 Medal	 of	
Arts	in	2013.

Visual_Grounder Obama,	Fukui

city	in	Fukui	
prefecture,	Japan

Ronald	Reagan

Leopold	Einstein

When	Einstein
read	L.

German-born	
theoretical	physicist;	
developer	of	the	
theory	of	relativity

Albert	Einstein 	Carl	Einstein

German	art	
historian

(1885-1940)

Hermann	Einstein
German	electrical	
engineer	and	

businessman,	father	
of	Albert	Einstein

Albert	Einstein Hermann	Einstein

Initial
Rank

Final
Rank

OCR:	 LEOPOLD	 EINSTEIN	 in	 the	
SIXTEENTH	DIMENSION
Tool_output:	Leopold	Einstein,	the	
nephew	 of	 Albert	 Einstein,	 an	
American	 writer	 and	 scientist	
(known	 for	 works	 like	 "In	 the	
Sixteenth	Dimension").

OCR_Augment Leopold	Einstein

Jewish	teacher,	
vendor	and	writer

Carl	Einstein

Germany

Team	Germany in	
the	match	against	

the	USA.

Germany	women's	national	
wheelchair	basketball	team 	Germany

country	in	
Central	Europe

Germans

residents	and	
citizens	of	
Germany

Germany	national	
association	football	team

Germany	women's	national	
wheelchair	basketball	team

Initial
Rank

Final
Rank

Tool_output:	 Germany	 is	 a	
sovereign	 country	 in	 Europe,	
represented	 by	 national	 teams	
in	 international	 competitions	
such	as	sports	matches.

Symbolic_Solver
Germany	national	

association	football	team

Germany	women's	national	
football	team

tablet	computer

If	RIM	launches	a	
new	tablet	device,	it	
will	compete	against	

Apple's	iPad.

solid	form	for	
doses	of	drugs	or	
medication	often	
taken	orally

tablet 	tablet

sugary	confection	
from	Scotland

tablet	computer

mobile	computer	with	
integrated	display,	
circuitry	and	battery

tablet tablet

Initial
Rank

Final
Rank

Tool_output:	A	portable	
electronic	device	with	a	large	
touchscreen	display,	designed	
for	mobile	computing	and	
media	consumption

Text_Supplement graphic	tablet

iPad

national	sports	
team

German	men's	
national	association	

football	team

Austrian	Nazi	activist	
and	SS	officer

computer	input	
device

Figure 10: Case Study of our EVEMEL.

for different visual conditions, thereby improving
the final ranking of the correct entity.

H Computational Overhead of AMA

To evaluate the computational overhead of AMA,
we report the routing frequency, token consump-
tion, and processing time for the planner and indi-
vidual tool executors on the WikiDiverse test set.
As shown in Table 5, the planner is applied to every
sample, followed by one adaptively selected execu-
tor. Therefore, AMA requires two MLLM calls per
sample on average.

Table 5: Computational overhead of AMA on the
WikiDiverse test set. Tokens and time are averaged
over samples routed to each component.

Route N Freq. (%) Avg. Tokens Avg. Time (s)

Planner 2078 100.00 252.70 0.81
OCR Augment 79 3.80 274.56 4.20
Symbolic Solver 889 42.78 213.33 2.05
Text Supplement 159 7.65 210.25 1.75
Visual Grounder 236 11.36 229.31 3.71
Default Case 715 34.41 218.37 1.93

Overall AMA 2078 100.00 471.67 3.07

Symbolic Solver and Default Case account for
42.78% and 34.41% of the samples, respectively,
whereas OCR Augment and Visual Grounder are
activated for only 3.80% and 11.36%. This shows

that AMA selectively invokes additional visual pro-
cessing rather than applying expensive tools uni-
formly to all samples. Overall, AMA consumes
471.67 tokens and 3.07 seconds per sample on av-
erage. Since the augmented evidence is generated
offline and can be cached, this preprocessing cost
is incurred only once and does not add repeated
overhead to subsequent mention–entity matching.
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