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Abstract

Fine-grained Multimodal Named-Entity Recognition and Grounding (FMNERG) aims 
to extract entity–type–object triples from image–text pairs. However, existing methods 
still struggle with two major challenges: distinguishing semantically similar labels in an 
expanded fine-grained label space and achieving robust entity–object alignment under 
complex image–text relations in social media. To address these issues, we propose a Multi-
level Knowledge Integration Framework (MKIF) for FMNERG, which leverages multi-level 
knowledge to jointly improve fine-grained entity-type disambiguation and robust entity 
grounding in a unified manner. Specifically, we employ multimodal large language models 
(MLLMs) to obtain global-level knowledge, enriching the semantics of raw multimodal 
inputs and serving as a shared semantic anchor across subtasks. To improve fine-grained 
entity-type discrimination, we further derive conceptual and discriminative descriptions for 
each type as label-level knowledge and utilize both global- and label-level knowledge as 
supervision via contrastive learning. In addition, we discover potential visual concepts in the 
dataset as object-level knowledge and design a dynamic gating mechanism to incorporate the 
global- and object-level knowledge into object embeddings for robust entity–object alignment. 
Comprehensive experiments demonstrate that MKIF outperforms state-of-the-art methods. 
Furthermore, detailed analyses validate the effectiveness of each core component.

Keywords: fine-grained multimodal named-entity recognition and grounding; multi-level 
knowledge; visual concept; contrastive learning; multimodal large language model

1.  Introduction
Multimodal named-entity recognition (MNER) has attracted increasing attention in 

information extraction and multimodal learning. It aims to extract named entities from 
unstructured text with auxiliary images [1–9]. However, existing MNER studies divide 
entities into coarse-grained entity types (i.e., person, location, organization, and miscellaneous) 
and only extract entities from text without explicitly linking them to their correspond-
ing regions in the image, restricting the applications of MNER in real-world scenarios. 
To address these limitations, Fine-grained Multimodal Named-Entity Recognition and 
Grounding (FMNERG) [10] has recently been proposed. FMNERG includes two subtasks 
of MNER and Entity Extraction and Grounding (EEG), aiming to extract triples that con-
tain named entities, their fine-grained types and grounded bounding boxes in the image. 
Compared to MNER, FMNERG has wider applications, including multimodal knowledge 
graph construction [11], human–machine dialogue [12], visual question answering [13], 
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and privacy-aware multimodal analysis [14]. Despite the rapid progress of multimodal 
large language models (MLLMs), directly applying them to FMNERG remains nontriv-
ial [5,15,16], especially when structured multimodal extraction requires both fine-grained 
semantic discrimination and reliable entity–object grounding.

The major challenges of FMNERG stem from the entity–type and entity–object gaps in 
entity–type–object triple extraction. The first gap arises from the difficulty of associating 
entities with their fine-grained types as the number of candidate types increases. Fine-
grained type hierarchies contain semantically similar subtypes under the same coarse-
grained category, resulting in blurred type boundaries that make the subtypes difficult to 
distinguish [17]. As shown in Figure 1a, the entity Francona can be easily classified into the 
person category under the coarse-grained setting. However, in FMNERG, the model needs to 
further recognize it as a coach rather than other semantically similar fine-grained categories, 
such as athlete, because the coaches are often seen on the sidelines of a field analyzing 
performance, while the athletes are seen in action like running or jumping in a stadium or 
track field. This requires the model not only to effectively leverage the multimodal cues 
in the tweet but also to capture the conceptual and discriminative features of fine-grained 
entity types for accurate entity-type extraction. The second gap lies in the complex and 
diverse relationships between textual entities and visual content on social media, where 
image–text pairs may exhibit varying degrees and forms of semantic relevance [18,19], 
making it difficult to reliably localize the visual regions corresponding to the entities. 
Figure 1b demonstrates this challenge. Given several entities which belong to the band 
category, the visual concepts associated with their corresponding regions include logos, 
group photos, posters and text, which are diverse in the feature space. Addressing such 
complex entity–object relations requires robust entity–object alignment in EEG.

In response to these challenges, two-stage methods [5,20] first extract entity–type 
pairs and then perform entity-aware visual grounding in a pipeline paradigm, which may 
lead to error propagation since MNER and EEG are treated as separate tasks. Therefore, 
unified methods have recently attracted attention. Sequence-to-sequence-based methods 
H-Index [11] and TIGER [10] directly generate the target entity–type–objects sequence 
from the multimodal input via pre-trained sequence-to-sequence models. MQSPN [6] 
further reformulates the FMNERG task as set prediction to learn intra- and inter-entity 
relationships of multimodal entities, which addresses the exposure bias of sequence-to-
sequence-based methods. However, these methods focus on predicting fine-grained labels 
through autoregressive generation of entity–type–region sequences or set prediction guided 
by type-grained queries, without explicitly modeling the semantic differences among similar 
fine-grained types.  GEM [21] then exploits external knowledge and multimodal large lan-
guage model (MLLM)-based multimodal reranking for fine-grained type disambiguation, 
but it still establishes the associations between entities and visual regions only in feature 
space, which fails to handle the complex entity–object relations on social media.

To address both issues of distinguishing semantically similar entity types and ro-
bustly modeling entity–object relations, we draw inspiration from MLLMs. Recently, 
MLLMs [22–25] have demonstrated remarkable capabilities of multimodal understand-
ing [26,27], making it possible to obtain semantically rich knowledge for multimodal inputs 
and fine-grained entity-type discrimination. Building on this insight, we leverage MLLMs 
to acquire both global- and label-level knowledge, providing sample-specific context and 
type-specific semantic cues, respectively. To further improve entity–object alignment, we 
discover dataset-level visual concepts as object-level knowledge to augment object repre-
sentations. In this way, multi-level knowledge can be incorporated to support different 
subtasks and jointly bridge the two gaps of FMNERG.
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Figure 1. (a) An example of FMNERG. None indicates that the entity MLB has no corresponding 
bounding box in the image. In the coarse-grained setting, categories including person, location, organi-
zation and miscellaneous are semantically well separated, making it easy to recognize Francona as person. 
By contrast, in the fine-grained setting, the model must further distinguish among semantically similar 
candidate subtypes such as coach, athlete, director, and musician, and correctly classify Francona as coach. 
(b) Illustration of complex entity–object relations in FMNERG. The same fine-grained entity type 
may correspond to diverse visual concepts on social media, such as text, logo, poster, and group photo 
for the type band, which increases the difficulty of aligning textual entities with their corresponding 
visual objects.

In this paper, we propose a novel Multi-level Knowledge Integration Framework 
(MKIF) for FMNERG, as shown in Figure 2. This framework aims to jointly improve 
fine-grained entity-type discrimination and robust entity–object alignment by leveraging 
multi-level knowledge in a unified manner. Specifically, we first utilize the global-level 
knowledge acquired from MLLMs to enrich the semantics of multimodal inputs and serve 
as a shared semantic anchor across subsequent subtasks. We further design a knowledge-
enhanced span representation module with multimodal interaction to obtain the entity 
span embeddings. Next, to address the first issue of disambiguating fine-grained entity 
types, we acquire label-level knowledge by generating conceptual and discriminative de-
scriptions for entity types via MLLMs and use both global- and label-level knowledge as 
supervision through contrastive learning to enhance the model’s ability to discriminate be-
tween fine-grained entity types. Then, to tackle the second challenge of robust entity–object 
alignment, we discover potential visual concepts in the dataset as object-level knowledge 
and enhance the object representations by dynamically fusing global- and object-level 
knowledge through a learnable gating mechanism, thereby enabling robust entity–object 
association. We conduct experiments on the widely used Twitter-FMNERG dataset, and the 
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results demonstrate that our proposed MKIF outperforms both unimodal and multimodal 
state-of-the-art baselines. Our main contributions are summarized as follows:

• We propose a novel Multi-level Knowledge Integration Framework (MKIF), which 
incorporates multi-level knowledge to jointly improve multimodal semantic under-
standing, fine-grained type discrimination, and entity–object alignment for FMNERG 
in a unified manner. This framework offers a general paradigm for incorporating 
heterogeneous knowledge in FMNERG.

• We design dual-level knowledge-guided alignment and knowledge discovery-enhanced 
fusion to operationalize the proposed framework, where the former enhances fine-grained 
entity-type discrimination with dual-level knowledge-guided supervision and the latter 
strengthens entity grounding through knowledge-enhanced object representation.

• Extensive experiments demonstrate the superior performance of MKIF compared 
to both unimodal and multimodal state-of-the-art methods. Furthermore, detailed 
ablation studies and analyses validate the effectiveness of each component of our 
framework and provide key insights into its advantages.
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Figure 2. Overview of our proposed MKIF. MKIF first obtains entity span embeddings through the 
knowledge-enhanced span representation module. For MNER, label-level knowledge is incorpo-
rated through the dual-level knowledge-guided alignment (DKA) module to improve fine-grained 
entity-type disambiguation. For EEG, potential visual concepts are discovered as object-level knowl-
edge. Both object- and global-level knowledge are fused with object embeddings via the knowledge 
discovery-enhanced fusion (KDF) module, enabling robust associations between entities and ob-
jects. The heterogeneous knowledge sources are functionally coordinated within MKIF to bridge the 
entity–type and entity–object gaps in FMNERG.

2.  Related Works
In this section, we review representative MNER studies beginning in 2018 and FMN-

ERG studies beginning in 2023, together with subsequent developments in both tasks.

2.1.  Multimodal Named-Entity Recognition
Conventional named-entity recognition (NER) extracts entities and predicts their types 

based solely on textual context. However, in multimodal social media posts, short text 
may provide insufficient evidence for these predictions [2]. To address this limitation, 
MNER emerged in 2018, aiming to extract textual entities and their types with the help of 
images [1,2]. Since more complementary information from images is integrated, MNER 
has been shown to outperform unimodal NER [1–5,9,15,28]. Existing MNER methods 
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mainly focus on exploiting visual information and integrating it into text through modal-
ity interaction. To better utilize the image modality, prior studies have explored various 
forms of visual representations, including visual objects [29], object labels [4], image cap-
tions [30,31], OCR texts [31], and scene graphs [32]. For modality interaction, UMT [3] 
and CAT-MNER [33] propose multimodal interaction modules based on Transformer [34] 
to capture inter-modality interactions, showing the effectiveness of attention-based fusion 
for multimodal semantic understanding. UMGF [35] represents the input text and image 
using a multi-modal graph and proposes a graph-based multimodal fusion module to 
perform semantic interactions. MAF [36] proposes a cross-modal matching method to de-
termine the proportion of image information that should be retained and exploits contrastive 
learning [37] to align the representations between the two modalities. However, social 
media posts are not always informative enough for MNER due to their short textual content 
and weakly relevant images [38–41]. As a result, relying solely on in-sample information 
may lead to suboptimal MNER performance. To tackle this challenge, knowledge-based 
methods acquire auxiliary external knowledge from multimodal knowledge graphs [42], 
knowledge corpus [43], or large language models (LLMs) [44] to enrich the semantics of 
raw samples. In this work, we utilize MLLMs instead of knowledge bases or unimodal 
LLMs to obtain high-quality external knowledge, thereby enhancing the comprehension of 
multimodal inputs.

2.2.  Fine-Grained Multimodal Named-Entity Recognition and Grounding
FMNERG [10] extends MNER by introducing fine-grained entity types and entity-

aware visual grounding. It simultaneously requires extracting entities, predicting their 
fine-grained types and grounded bounding boxes in the image, which makes the task more 
challenging than MNER and better aligned with real-world applications. Existing FMNERG 
methods can be generally divided into two categories. The two-stage methods [5,20] 
separately process MNER and entity-aware visual grounding, resulting in error propagation. 
Therefore, unified methods have gained attention. Yu et al. [11] and Wang et al. [10] first 
propose the sequence-to-sequence-based methods H-Index and TIGER, respectively. They 
use pre-trained sequence-to-sequence models [45,46] to encode the multimodal input 
and decode the indices of entities, types, and groundable or ungroundable indicators, 
and introduce a visual output layer to predict the distribution over candidate visual regions 
for entity grounding. Bao et al. [47] further propose a multi-level alignment pre-training 
method based on H-Index to improve congruence between multimodal data. To address 
the exposure bias issue of sequence-to-sequence-based methods, MQSPN [6] introduces 
the set prediction paradigm into FMNERG to adaptively learn intra-entity relationships 
and establish inter-entity relationships from a global optimal matching view. Despite their 
advancements, the above methods neglect to learn the discrimination of fine-grained entity 
types explicitly. Recently, GEM [21] exploited LLMs to obtain external knowledge and 
employed MLLMs to rerank the predicted fine-grained entity categories for disambiguation, 
followed by a large visual language model (LVLM)-based implicit grounder for EEG. 
However, GEM still models entity–object relations in feature space, which is insufficient 
for handling the complex entity–object relationships on social media. In contrast, our 
approach focuses on leveraging multi-level knowledge to bridge both the entity–type and 
entity–object gaps.

3.  Methodology
In this section, we first formulate the FMNERG task and then present the details of 

our proposed MKIF. Figure 2 shows the architecture of MKIF, which contains three key 
components: (1) The knowledge-enhanced span representation module acquires global-level 
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knowledge and generates shared multimodal span representations. (2) The dual-level 
knowledge-guided alignment (DKA) module aligns the entity span representations with dual-
level knowledge by contrastive learning to improve fine-grained entity-type disambiguation 
in MNER. (3) The knowledge discovery-enhanced fusion (KDF) module discovers the potential 
visual concepts in the dataset as object-level knowledge and integrates global- and object-
level knowledge into object embeddings via a dynamic gating mechanism to facilitate robust 
entity–object alignment in EEG.

3.1.  Problem Formulation
Given a text sequence 𝑇 = (𝑡1, 𝑡2, … , 𝑡𝑁𝑡

) of 𝑁𝑡 tokens and its associated image 𝐼, 
the goal of FMNERG is to identify all named entities in 𝑇, and to predict both their fine-
grained entity types from the entity-type set 𝒴  and their corresponding grounded bounding 
boxes in 𝐼. In Twitter-FMNERG, 𝒴  comprises 51 predefined fine-grained entity types or-
ganized under 8 coarse-grained categories. The detailed category hierarchy and label 
distribution are provided in Appendix A. The output 𝑌 is a set of triples:

𝑌 = {(𝑒𝑖, 𝑐𝑖, 𝑏𝑖)}𝑚
𝑖=1, (1)

where 𝑚 denotes the number of named entities in 𝑇, 𝑒𝑖 denotes the 𝑖th entity, 𝑐𝑖 ∈ 𝒴  denotes 
the fine-grained entity type of 𝑒𝑖, and 𝑏𝑖 denotes the grounded bounding box of 𝑒𝑖 in 𝐼. If there 
is no grounded region of 𝑒𝑖, 𝑏𝑖 is None, otherwise it is a 4-dimensional vector containing the 
top-left and bottom-right coordinates of the bounding box:

𝑏𝑖 =
{


(𝑥1
𝑖 , 𝑦1

𝑖 , 𝑥2
𝑖 , 𝑦2

𝑖 ), if 𝑒𝑖 is grounded,
𝑁𝑜𝑛𝑒, otherwise,

(2)

where (𝑥1
𝑖 , 𝑦1

𝑖 ) and (𝑥2
𝑖 , 𝑦2

𝑖 ) denote the top-left and bottom-right coordinates of 𝑏𝑖, respectively.

3.2.  Knowledge-Enhanced Span Representation
To enrich the semantics of multimodal inputs and enhance the model’s understand-

ing of them, we first design a knowledge-enhanced span representation module with 
multimodal interaction. Motivated by the impressive capabilities of MLLMs in mul-
timodal understanding [26,27], we employ MLLMs instead of unimodal LLMs and 
knowledge corpora to obtain global-level knowledge for each multimodal input. Specif-
ically, we selected GPT-4o-mini [22] as a representative MLLM for global-level knowl-
edge acquisition, given its strong performance in multimodal understanding and cost 
efficiency. We input the text 𝑇 and image 𝐼 into GPT-4o-mini, using the instruction 
template “Here is the text of a tweet: 𝑇, and the image of this tweet 𝐼 is up-
loaded above. Please provide brief background knowledge of this tweet, tell me 
the named entities in the text, and tell me the visual concepts in the image
briefly.” to obtain the global-level knowledge as:

𝐾 = (𝑘1, 𝑘2, … , 𝑘𝑁𝑘
) = MLLM(𝑇, 𝐼), (3)

where 𝑘𝑖 denotes the 𝑖th knowledge token, and 𝑁𝑘 is the number of tokens in 𝐾. We 
concatenate the global-level knowledge 𝐾 with text 𝑇 as the final textual input:

𝑇𝑘 = (𝑡1, 𝑡2, … , 𝑡𝑁𝑡
, [SEP], 𝑘1, 𝑘2, … , 𝑘𝑁𝑘

), (4)

where [SEP] is the separator token (taking BERT [48] for example).
We use pre-trained BERT as the text encoder. Given the textual input 𝑇𝑘, we obtain 

its contextualized representation as 𝑻 = BERT(𝑇𝑘) = (𝒕1, 𝒕2, … , 𝒕𝑁𝑥
), where 𝑁𝑥 is the total 

length of 𝑻  and 𝒕𝑖 ∈ R𝑑 is the contextualized embedding of the 𝑖th token. For the image 
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modality, we follow previous works [10,11,47] to detect all visual objects of each image 
via the pre-trained VinVL [49] model, and rank them based on the detection probabilities, 
obtaining the top-𝑁𝑜 object candidates as 𝑶 = (𝒐1, 𝒐2, … , 𝒐𝑁𝑜

) ∈ R𝑁𝑜×2048, where 𝒐𝑖 ∈ R2048

is the VinVL representation of the 𝑖th object. We then project 𝑶 into the same dimension as 
𝑻  using a trainable linear layer 𝑾𝑅 ∈ R2048×𝑑 as the visual encoder, obtaining 𝑹 = 𝑶𝑾𝑅 =
(𝒓1, 𝒓2, … , 𝒓𝑁𝑜

) ∈ R𝑁𝑜×𝑑.
Next, to effectively integrate visual information with textual representations, we de-

sign a Transformer [34,50]-based multimodal interaction module for fine-grained token-
object interactions in FMNERG. Specifically, we feed 𝑻  and 𝑹 into cross-attention trans-
formers (CATs) to calculate the interactions, including text-guided visual attention and 
image-guided textual attention. In this way, the model can dynamically select comple-
mentary visual cues for each token while preserving the contextualized textual semantics. 
CAT(𝑯𝑥, 𝑯𝑦) is calculated as:

{


𝑯 ′
𝑥 = LN(MHA(𝑯𝑥, 𝑯𝑦, 𝑯𝑦) + 𝑯𝑥),

CAT(𝑯𝑥, 𝑯𝑦) = LN(FFN(𝑯 ′
𝑥) + 𝑯 ′

𝑥).
(5)

where MHA, LN and FFN are multi-head attention, layer normalization and feed-forward 
network, respectively. We calculate the text-guided visual interaction and image-guided 
textual interaction as 𝑹′ = CAT(𝑹, 𝑻) and 𝑻 ′ = CAT(𝑻, 𝑹).

We then concatenate 𝑻 ′ and 𝑹′ and feed them into a self-attention transformer (SAT). 
SAT(𝑯𝑥) is calculated as:

{


𝑯 ′
𝑥 = LN(MHA(𝑯𝑥, 𝑯𝑥, 𝑯𝑥) + 𝑯𝑥),

SAT(𝑯𝑥) = LN(FFN(𝑯 ′
𝑥) + 𝑯 ′

𝑥).
(6)

We denote the combination of the above bidirectional cross-attention and subsequent self-
attention as the cross-modal interaction (CMI) module. The output of CMI is:

𝑯CMI = SAT([𝑻 ′; 𝑹′]) ∈ R(𝑁𝑥+𝑁𝑜)×𝑑. (7)

The resulting matrix 𝑯CMI jointly encodes the textual sequence and visual objects after 
cross-modal interaction.

Finally, we adopt a span-based prediction approach [51,52] to extract entities and their 
corresponding types. We enumerate all possible 𝑛𝑠 spans (up to a maximum width of 𝐿𝑚𝑎𝑥) 
in the text as 𝒮 = {𝑠𝑖}

𝑛𝑠
𝑖=1 and calculate their representations as:

𝒉𝑒(𝑠𝑖) = [𝒉START(i); 𝒉END(i); 𝜙𝑒(𝑠𝑖)], (8)

where 𝒉START(i) and 𝒉END(i) are the representations of the start and end tokens of 𝑠𝑖 from the 
first 𝑁𝑡 rows of 𝑯CMI, and 𝜙𝑒(𝑠𝑖) is the span length embedding obtained from a learnable 
look-up table. Following prior span-based entity extraction methods [51,52], we formulate 
span typing as single-label multiclass classification and adopt the cross-entropy loss as the 
training objective for MNER:

ℒ𝑠𝑝𝑎𝑛 = − ∑
𝑠𝑖∈𝒮

log 𝑃𝑒(𝑦∗
𝑒 (𝑠𝑖) ∣ 𝑠𝑖), (9)

where 𝑦∗
𝑒 (𝑠𝑖) denotes the gold span label from set 𝒴 ′ = 𝒴 ∪ {𝜖}, and 𝜖 denotes a non-

entity span.

3.3.  Dual-Level Knowledge-Guided Alignment
To address the first gap of insufficient discrimination of semantically similar fine-

grained entity types, we propose a dual-level knowledge-guided alignment (DKA) module. 
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DKA captures the conceptual and discriminative features of fine-grained entity types as 
label-level knowledge and then integrates them with global-level knowledge to enhance 
the model’s discriminative capability through contrastive learning.

Inspired by Zhang et al. [53], we first generate both conceptual and discriminative 
descriptions for each fine-grained entity type using the MLLM. To be specific, given an 
FMNERG dataset containing 𝑀 entity types, we query GPT-4o-mini [22] to generate two 
kinds of descriptions for each category, as shown in Table 1.

Table 1. Details of conceptual and discriminative descriptions for entity types.

Conceptual Discriminative

Definition
Descriptions that

summarize the concept
of each entity type.

Descriptions that
distinguish semantically

similar entity types

Prompt
Please describe both

the textual and visual
concepts of [class].

Please provide useful
features for distinguishing
the original class [class_1]

from the similar class [class_2].

 

Note: Bold text identifies the column and row headings.

Conceptual Description. For each entity type 𝑐, we obtain one conceptual descrip-
tion 𝑑𝑐

𝑐𝑜𝑛 using the following query: “Please describe both the textual and visual 
concept of each given word: [athlete, musician, …]”. This kind of description 
summarizes the concept of each entity type.

Discriminative Descriptions. For each entity type 𝑐, we define the other entity 
types that share the same coarse-grained category with it as its similar label set 𝒮𝑐. For-
mally, let 𝒞𝑐𝑜𝑎𝑟𝑠𝑒(𝑐) denote the coarse-grained category of 𝑐. Then, 𝒮𝑐 = {𝑐′ ∣ 𝑐′ ≠
𝑐, 𝒞𝑐𝑜𝑎𝑟𝑠𝑒(𝑐′) = 𝒞𝑐𝑜𝑎𝑟𝑠𝑒(𝑐)}. We then generate the discriminative description set 𝒟𝑐

𝑑𝑖𝑠 for 
𝑐 using the following prompt: “[fine_class_1] and [fine_class_2] belong to the 
category [coarse_class]. Please provide useful features for distinguishing
the original class [fine_class_1] from the similar class [fine_class_2].”.
𝒟𝑐

𝑑𝑖𝑠 contains |𝒮𝑐| discriminative descriptions, with each description characterizing the dis-
tinguishing features between 𝑐 and one of its similar types in 𝒮𝑐. These discriminative 
descriptions provide informative cues for distinguishing semantically similar fine-grained 
entity types.

In this way, given an entity type 𝑐, we obtain its label-level knowledge 𝒟𝑐 = {𝑑𝑐
𝑐𝑜𝑛} ∪

𝒟𝑐
𝑑𝑖𝑠, which contains one conceptual description and |𝒮𝑐| discriminative descriptions. All 

descriptions are generated offline before model training. We then encode all descriptions 
using BERT to obtain |𝒟𝑐| = 1 + |𝒮𝑐| label embeddings, denoted as 𝑬𝑐

𝒟 ∈ R|𝒟𝑐|×𝑑𝑙, where 
𝑑𝑙 = 𝑑 is the embedding dimension. The final label-level knowledge embedding 𝒆𝑐

𝑙𝑘 ∈ R𝑑𝑙 is 
obtained by averaging all embeddings as:

𝒆𝑐
𝑙𝑘 = adaptive_avgpool(𝑬𝑐

𝒟). (10)

However, the obtained label embeddings mainly encode category-level general charac-
teristics, which are independent of the input sample. Therefore, we employ cross-attention 
to incorporate global-level knowledge as complementary contextual information, enabling 
the model to enrich the label semantics with sample-related cues and obtain the dual-level 
knowledge embedding of 𝑐 as:

𝒆𝑐 = CAT(𝒆𝑐
𝑙𝑘, 𝒆𝑔𝑘), (11)
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where 𝒆𝑔𝑘 is the global-level knowledge embedding obtained from BERT. Notably, the BERT 
model used for knowledge encoding shares its parameters with the BERT model described 
in Section 3.2, and the parameters are frozen in this step.

Finally, motivated by Zhang et al. [53], we design a contrastive loss to improve fine-
grained entity type discrimination under the supervision of dual-level knowledge. For each 
entity span 𝑠, the dual-level knowledge embedding of its gold label 𝑦𝑠 serves as the positive 
embedding, while the dual-level knowledge embeddings of all the other entity types are 
treated as negative embeddings. Following normalized temperature-scaled contrastive 
formulations for representation learning [37], we define the loss as follows:

ℒ𝑑𝑘𝑎 = − ∑
𝑠∈𝒮𝑔𝑜𝑙𝑑

log
exp(sim(𝒉𝑒(𝑠), 𝒆𝑦𝑠

)/𝜏)

∑𝑀
𝑐=1 exp(sim(𝒉𝑒(𝑠), 𝒆𝑐)/𝜏)

, (12)

where sim(⋅, ⋅) denotes the normalized cosine similarity, 𝜏 is a temperature parameter, 𝒮𝑔𝑜𝑙𝑑
is the set of gold entity spans in the input text, 𝑦𝑠 is the gold fine-grained type of span 𝑠, 
and 𝒆𝑐 represents the dual-level knowledge embedding for the 𝑐th entity type. Accordingly, 
the denominator contrasts the span representation against the embeddings of all entity 
types, encouraging the span to be close to the embedding of its gold label and far from 
those of incorrect labels, thereby facilitating fine-grained entity-type disambiguation.

3.4.  Knowledge Discovery-Enhanced Fusion
To robustly model entity–object relations, we introduce a knowledge discovery-

enhanced fusion (KDF) module, which discovers potential visual concepts from the dataset 
as object-level knowledge and adaptively integrates the object-level and global-level knowl-
edge into object embeddings through a learnable gating mechanism, thereby facilitating 
robust entity–object alignment in EEG.

The first step is visual concept discovery. After detecting objects in all training images 
using VinVL (as described in Section 3.2), we employ the Vision Transformer (ViT) [54] 
encoder of the pre-trained CLIP model [55] to extract their feature embeddings. Benefiting 
from large-scale vision-language pre-training, CLIP captures broad visual semantics and 
exhibits strong transferability across diverse visual recognition tasks, enabling efficient 
feature extraction from a large number of heterogeneous objects in social media images. 
Based on the extracted embeddings, we then apply an unsupervised clustering algorithm 
to divide these objects into 𝑉 clusters and treat the cluster centers as potential visual 
concept embeddings. For each object, we take the ID of its nearest cluster center as its 
corresponding visual concept 𝑣 and introduce a learnable lookup table 𝜙𝑣 to obtain the 
object-level knowledge embedding 𝒆𝑜𝑘 = 𝜙𝑣(𝑣), where the parameters of 𝜙𝑣 are initialized 
with the ViT features of the cluster centers.

Next, we introduce a learnable gating mechanism to adaptively control the contribution 
of global- and object-level knowledge to object representations as:

𝒈 = 𝜎(𝑾ℎ𝒓𝑖 + ˜𝒆), (13)

where ˜𝒆 = 𝑾 𝑒[𝒆𝑔𝑘; 𝒆𝑜𝑘] denotes the projected knowledge embedding, 𝑾ℎ and 𝑾 𝑒 are 
learnable projection matrices, and 𝜎(⋅) denotes the Sigmoid function. The final output of 
KDF is calculated as:

𝒓𝑘
𝑖 = 𝒓𝑖 + 𝒈 ⊙ ˜𝒆, (14)

where ⊙ is the element-wise product operation. We denote the knowledge-enhanced object 
embedding set as: 𝑹𝑘 = (𝒓𝑘

1, 𝒓𝑘
2, … , 𝒓𝑘

𝑁𝑜
).
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During EEG, for each span, we first determine whether it is groundable in the image, 
which is formulated as a binary classification task:

ℒ𝑔𝑟𝑜𝑢𝑛𝑑𝑎𝑏𝑙𝑒 = − ∑
𝑠𝑖∈𝒮

log 𝑃𝑔(𝑦∗
𝑔(𝑠𝑖) ∣ 𝑠𝑖), (15)

where 𝑦∗
𝑔(𝑠𝑖) denotes the gold label indicating whether 𝑠𝑖 is groundable. For each groundable 

span 𝑠, we calculate its similarity distribution 𝑝(𝒛) over 𝑁𝑜 knowledge-enhanced object 
embeddings as:

𝑝(𝒛) = Softmax(𝑹𝑘𝒉𝑒(𝑠)). (16)
Following prior work [10], we use the Intersection over Union (IoU) scores as the 

supervision signals. For each visual region, we compute its IoU scores with regard to all 
ground-truth bounding boxes of a given entity and take the maximum value as its final 
IoU score. Notably, if the final IoU score of a visual region is lower than 0.5, we follow 
the setting in [56] and set it to 0. We take the normalized IoU score distribution 𝑔(𝒛) as 
the object supervision of each groundable entity. The training objective is to minimize the 
Kullback–Leibler Divergence (KLD) [57] loss between the similarity distribution 𝑝(𝒛) and 
object supervision 𝑔(𝒛), formulated as:

ℒ𝑒𝑒𝑔 =
1

𝑁𝐺

𝑁
∑
𝑗=1

𝐺
∑
𝑘=1

𝑔(𝒛𝑗
𝑘) log

𝑔(𝒛𝑗
𝑘)

𝑝(𝒛𝑗
𝑘)

, (17)

where 𝑁 is the number of samples, and 𝐺 is the number of groundable entities.

3.5.  Model Training and Inference
We train MKIF by jointly optimizing the following losses:

ℒ = ℒ𝑠𝑝𝑎𝑛 + ℒ𝑑𝑘𝑎 + ℒ𝑔𝑟𝑜𝑢𝑛𝑑𝑎𝑏𝑙𝑒 + ℒ𝑒𝑒𝑔. (18)

During inference, we first extract entities and predict their types using
𝑦𝑒(𝑠) = arg max𝑐∈𝒴′ 𝑃𝑒(𝑐 ∣ 𝑠), and we select 𝒮𝑒𝑛𝑡 = {𝑠 ∶ 𝑦𝑒(𝑠) ≠ 𝜖} as the set of entity 
spans. Then, we predict whether the entities in 𝒮𝑒𝑛𝑡 are groundable by computing 
𝑦𝑔(𝑠) = arg max𝑏∈{0,1} 𝑃𝑔(𝑏 ∣ 𝑠). For the 𝑖th ungroundable entity 𝑠𝑖, we predict its triple as
(𝑠𝑖, 𝑦𝑒(𝑠𝑖), 𝑁𝑜𝑛𝑒). For the 𝑗th groundable entity 𝑠𝑗, we select the visual object with 
the highest probability in the similarity distribution as its predicted region 𝑏𝑝𝑟𝑒𝑑 =
(𝑥1

𝑝𝑟𝑒𝑑, 𝑦1
𝑝𝑟𝑒𝑑, 𝑥2

𝑝𝑟𝑒𝑑, 𝑦2
𝑝𝑟𝑒𝑑), and its predicted triple is (𝑠𝑗, 𝑦𝑒(𝑠𝑗), 𝑏𝑝𝑟𝑒𝑑).

4.  Experiments
In this section, we evaluate the overall effectiveness of MKIF and the contributions of its 

proposed components. Following the experimental setup in Section 4.1, Section 4.2 compares 
MKIF with representative baselines to assess its performance in FMNERG, MNER, and EEG. 
Section 4.3 examines the contributions of DKA, KDF, and the individual knowledge sources 
through ablation studies. We also evaluate the contribution of each information request in 
the global-level knowledge generation prompt through ablation studies. Section 4.4 further 
investigates fine-grained type disambiguation, visual concept discovery, and the sensitivity 
of MKIF to the choice of knowledge-generating MLLM. Finally, Section 4.5 compares model 
predictions on representative samples selected from the test set to illustrate the effectiveness 
of MKIF in fine-grained type discrimination and robust entity–object alignment.

4.1.  Setup
4.1.1.  Dataset

We conducted experiments on the widely used Twitter-FMNERG dataset [10]. It con-
tains 10,000 tweet–image pairs and 16,772 entities, including 6770 visually groundable enti-
ties associated with 8148 bounding boxes. Table 2 shows the statistics of Twitter-FMNERG, 
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while Appendix A presents the detailed entity–type hierarchy and coarse-grained cate-
gory distribution.

Table 2. Statistics of Twitter-FMNERG dataset. “#” denotes the number of items.

Statistics Train Valid Test Total

#Tweet 7000 1500 1500 10,000
#Entity 11,779 2450 2543 16,772

#Groundable Entity 4733 991 1046 6770
#Box 5723 1171 1254 8148

4.1.2.  Baselines
To evaluate the effectiveness of our method, we compared it with several representative 

unimodal and multimodal baselines.
First, we selected the following unimodal methods which only exploit the text modality: 

HBiLSTM-CRF-None [2], BERT-None [48], BERT-CRF-None [10] and T5-Paraphrase-None [10]. 
None denotes that we only detected the entity–type pairs for the MNER subtask and set the 
visual object prediction to the majority class 𝑁𝑜𝑛𝑒.

Next, we selected several competitive multimodal baselines, including GVATT-VinVL-
EVG [2], UMT-VinVL-EVG [3], UMGF-VinVL-EVG [35], ITA-VinVL-EVG [31], H-Index [11], 
MMT5-VinVL-EVG [10], TIGER [10], MQSPN [6] and GEM [21]. EVG means that we used 
MNER methods to extract entity–type pairs and then predicted the bounding box for each 
pair via entity-aware visual grounding (EVG) proposed in [10].

4.1.3.  Implementation Details
We conducted experiments on a single NVIDIA A100 GPU with PyTorch 1.10.1. In 

the knowledge-enhanced span representation module, we used the pre-trained bert-base-
uncased model to encode the textual inputs. The maximum length of spans 𝐿𝑚𝑎𝑥 was set 
to eight as in [52]. Following previous work [10], the number of object candidates 𝑁𝑜
detected by VinVL was 32. The temperature parameter 𝜏 in the contrastive loss was set 
to 0.1, informed by [37]. These settings were kept fixed during hyperparameter selection. 
In the KDF module, we used the pre-trained CLIP ViT-B/32 model for object encoding, 
and used the 𝑘-means algorithm [58] to discover the potential visual concepts. The number 
of potential visual concepts 𝑉 was 100.

We selected task-specific hyperparameters using validation FMNERG F1, varying 
one parameter group at a time while keeping the others fixed. Starting with a batch size 
of eight, one attention layer in each of CMI and DKA, and a maximum of 50 epochs, 
we sequentially evaluated 𝑉 ∈ {50, 100, 200, 300, 400, 500}, five joint CMI/DKA attention 
layer configurations {(1, 1), (2, 2), (4, 4), (1, 2), (2, 1)}, and batch sizes {4, 8, 16, 32}. Each 
configuration was compared using its best validation checkpoint. The resulting settings 
were 𝑉 = 100, one attention layer in each of the CMI and DKA modules, and a batch size of 
8. After selecting the final configuration, we set its training limit to 40 epochs based on the 
validation learning curve from a separate run using the same configuration but a different 
random seed. Detailed results and the learning curve are provided in Appendix E. The test 
set was excluded from configuration and checkpoint selection.

We used the AdamW optimizer [59] to minimize the training loss function. The 
learning rate was set to 2 × 10−5 for the pre-trained BERT, as evaluated in its original fine-
tuning study [48], and 2 × 10−4 for the other trainable parameters, consistent with the 
learning rate ranges considered in [60]. Both learning rates were fixed rather than included 
in our hyperparameter search.
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4.1.4.  Metrics
For a fair comparison, we followed previous works [6,10,21] and took the F1 score as 

the metric to evaluate FMNERG performance. To be specific, in the MNER subtask, if the 
span boundary and entity type of a predicted entity were both correct, we considered it 
a correct prediction. In the EEG subtask, if an entity was not groundable, it was a correct 
prediction only if the EEG prediction was 𝑁𝑜𝑛𝑒. In contrast, for a groundable entity, it 
was a correct prediction if the IoU score between the predicted visual object and any of 
the ground-truth bounding boxes was greater than 0.5 [61]. This process is demonstrated 
as follows:

𝐶𝑒/𝐶𝑡 =
{


1, 𝑝𝑒/𝑝𝑡 = 𝑔𝑒/𝑔𝑡,
0,  otherwise,

(19)

𝐶𝑟 =
{


1, 𝑝𝑟 = 𝑔𝑟 =  None, 
1, max(IoU1, … , IoU𝑗) > 0.5,
0,  otherwise, 

(20)

where 𝐶𝑒, 𝐶𝑡, and 𝐶𝑟 denote whether the entity, type, and grounding result are correctly 
predicted, respectively. 𝑝𝑒, 𝑝𝑡, and 𝑝𝑟 represent the predicted entity, type, and visual region, 
while 𝑔𝑒, 𝑔𝑡, and 𝑔𝑟 denote their corresponding gold annotations. IoU𝑗 is the IoU score 
between the predicted region 𝑝𝑟 and the 𝑗th gold bounding box.

In this way, we can calculate the Precision (Pre), Recall (Rec) and F1 score (F1) as:

𝑐𝑜𝑟𝑟𝑒𝑐𝑡 =
{


1, 𝐶𝑒 and 𝐶𝑡 and 𝐶𝑟,
0,  otherwise ,

(21)

𝑃𝑟𝑒 =
#𝑐𝑜𝑟𝑟𝑒𝑐𝑡
#𝑝𝑟𝑒𝑑𝑖𝑐𝑡 , 𝑅𝑒𝑐 =

#𝑐𝑜𝑟𝑟𝑒𝑐𝑡
#𝑔𝑜𝑙𝑑 , 𝐹1 =

2 × 𝑃𝑟𝑒 × 𝑅𝑒𝑐
𝑃𝑟𝑒 + 𝑅𝑒𝑐 , (22)

where #𝑐𝑜𝑟𝑟𝑒𝑐𝑡 is the number of predicted triples that match the gold triples, #𝑝𝑟𝑒𝑑𝑖𝑐𝑡 and 
#𝑔𝑜𝑙𝑑 are the numbers of predicted and gold triples, respectively.

4.2.  Main Results
To assess the overall effectiveness of MKIF, we compared it with representative uni-

modal and multimodal baselines on Twitter-FMNERG. Table 3 reports the results on FMN-
ERG and its two subtasks, MNER and EEG.

The main results show that multimodal approaches outperform unimodal ones, high-
lighting the necessity of visual information for joint entity recognition and grounding. The 
unified methods are generally superior to the EVG-based pipeline methods due to the 
alleviation of error propagation. Compared with state-of-the-art methods, MKIF achieves a 
relative F1 improvement of 4.99% over GEM, as well as gains of 2.76% and 2.67% on the 
MNER and EEG subtasks, respectively. Our method also achieves higher precision and 
recall than the baseline on FMNERG, MNER and EEG.

To further assess the robustness of MKIF’s gains over TIGER, we evaluated both models 
across five random seeds. For each of FMNERG, MNER, and EEG, we applied a two-sided 
paired 𝑡-test to the seed-wise F1 differences, testing whether their mean was zero. We used a 
Bonferroni-adjusted significance threshold of 0.05/3 = 0.0167 for the three comparisons. As 
shown in Figure 3, MKIF outperforms TIGER on FMNERG under every seed, with a mean 
gain of 5.30 F1 points (95% CI: [4.59, 6.00]; 𝑝 = 3.13 × 10−5). The mean gains on MNER and 
EEG are 3.93 and 3.53 F1 points, respectively, and both are significant under the adjusted 
threshold 𝑝 = 1.06 × 10−4 and 𝑝 = 1.51 × 10−3. These results support the consistency of 
MKIF’s performance gains across the evaluated seeds. Appendix B provides the detailed 
results for each seed and the full statistical report.
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Table 3. Comparison of MKIF with baselines on Twitter-FMNERG. “-” indicates that the corresponding 
results are not reported in the original paper.

FMNERG MNER EEG
Modality Methods Pre Rec F1 Pre Rec F1 Pre Rec F1

Text

HBiLSTM-CRF-None 34.86 32.38 33.57 62.31 56.55 59.29 49.25 43.27 46.07
BERT-None 33.28 34.28 33.77 58.91 60.05 59.47 46.27 47.65 46.94

BERT-CRF-None 34.41 35.51 34.95 60.06 61.38 60.72 46.93 48.44 47.67
T5-Paraphrase-None 37.38 37.29 37.33 64.83 65.32 65.07 49.03 48.91 48.97

Text + Image

GVATT-VinVL-EVG 42.02 38.75 40.32 63.08 57.85 60.35 55.27 53.46 54.35
UMT-VinVL-EVG 40.67 41.99 41.32 61.24 62.01 61.63 53.58 55.32 54.43

UMGF-VinVL-EVG 41.73 42.11 41.92 61.68 61.90 61.79 54.51 55.00 54.75
ITA-VinVL-EVG 43.05 42.51 42.78 63.80 62.64 63.21 57.63 56.90 57.26

H-Index 46.83 46.28 46.55 65.25 64.45 64.84 60.82 60.10 60.46
MMT5-VinVL-EVG 45.35 45.08 45.21 66.46 66.77 66.61 58.35 58.01 58.18

TIGER 47.57 46.85 47.20 64.43 65.40 64.91 62.44 61.49 61.96
MQSPN - - 48.57 - - 67.09 - - 62.64

GEM - - 50.54 - - 68.09 - - 63.59
Ours 53.97 52.18 53.06 71.13 68.86 69.97 66.41 64.22 65.29

Note: Bold and underlined values indicate the best and second-best results, respectively. 
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Figure 3. FMNERG F1 scores of MKIF and TIGER across five matched random seeds.

We further evaluated our method on the grounded multimodal named entity recogni-
tion (GMNER) [11] task, which is the coarse-grained version of FMNERG and includes only 
four entity types in the MNER subtask (i.e., person, location, organization and miscellaneous). 
Note that we removed DKA as its role in enhancing fine-grained entity-type discrimina-
tion is not required in this setting. We supplemented the evaluation with two additional 
GMNER baselines, MNER-QG [62] and Bao et al.’s method [47], and report the results on 
Twitter-GMNER in Table 4. From the table, we can observe that MKIF achieves the highest F1 
scores on both GMNER and EEG, and the second-highest F1 on MNER, further confirming 
its effectiveness.

All these results demonstrate the effectiveness of MKIF. We attribute its superior per-
formance over the baselines to the following reasons: (1) MKIF acquires high-quality 
global-level knowledge from the MLLM to enrich the semantics of raw samples, enabling a 
better understanding of multimodal inputs than non-knowledge-based methods such as 
TIGER and MQSPN. (2) MKIF leverages both global- and label-level knowledge to explicitly 
address the insufficient disambiguation of semantically similar entity types, leading to sub-
stantially improved MNER performance. Moreover, our method does not require additional 
instruction tuning of MLLM as in GEM, which improves computational efficiency. (3) By 
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discovering visual concepts and performing gated fusion between knowledge and objects, 
MKIF effectively captures complex entity–object relations, outperforming the baselines that 
capture such relationships only in the feature space during EEG.

Table 4. Results on Twitter-GMNER. “-” indicates that the corresponding results are not reported in 
the original paper.

GMNER MNER EEG
Methods Pre Rec F1 Pre Rec F1 Pre Rec F1

MNER-QG 53.02 54.84 53.91 78.16 78.59 78.37 58.48 56.59 57.52
H-Index 56.16 56.67 56.41 79.37 80.10 79.73 60.90 61.46 61.18
TIGER 55.84 57.45 56.63 79.88 80.70 80.28 60.72 61.81 61.26

Bao et al. 57.93 58.56 58.24 79.65 80.55 80.10 - - -
MQSPN 59.03 58.49 58.76 81.22 79.66 80.43 61.86 62.94 62.40

GEM - - 59.83 - - 83.15 - - 63.16
Ours  62.29 61.58 61.93 82.22 81.38 81.80 65.91 65.16 65.53

 

Note: Bold and underlined values indicate the best and second-best results, respectively. 

Additionally, we report the F1 scores of each method on coarse-grained entity types in 
Table 5. The results show that for coarse-grained categories person, building, product and art, 
our method achieves F1 improvements of 14.80%, 2.61%, 2.99% and 6.94% over MQSPN, 
respectively. MKIF also achieves the second-best performance on location, organization and 
other. The results on Twitter-FMNERG and Twitter-GMNER support the effectiveness and 
generalizability of MKIF across fine- and coarse-grained entity-type settings.

Table 5. F1 scores of our methods and baselines on FMNERG with respect to each coarse-grained 
entity type.

Entity Type H-Index TIGER MQSPN Ours

Person 45.13 43.78 48.64 55.84
Location 62.33 67.69 71.03 68.75
Building 32.88 40.00 44.78 45.95
Organization 46.68 46.75 49.03 47.33
Product 28.19 27.38 29.46 30.34
Art 38.89 43.27 42.84 45.92
Event 45.56 48.39 51.88 48.28
Other 41.81 48.28 43.49 43.80
All 46.55 47.20 48.57 53.06

Note: Bold and underlined values indicate the best and second-best results, respectively. Italics 
indicate entity type labels.

To complement the task performance, we also compare the online inference efficiency 
of MKIF and TIGER. The measurement setup and detailed results for inference latency, 
FLOPs, and peak GPU memory are provided in Appendix F.

4.3.  Ablation Study
In this section, we examine the contributions of the proposed components in MKIF 

and the information requested in the global-level knowledge generation prompt through 
ablation experiments.

First, we compared the full model with variants that removed DKA, KDF, or individual 
knowledge sources to assess their respective contributions to performance.
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The results are presented in Table 6, which includes the following settings: (1) We 
removed DKA (w/o DKA). We further assessed the contribution of each component within 
DKA by individually removing global-level knowledge (w/o Glob.), conceptual descriptions 
(w/o Conc.), and discriminative descriptions (w/o Disc.). (2) We removed KDF during 
EEG (w/o KDF) and further removed the global-level knowledge (w/o Glob.) and object-
level knowledge (w/o Obj.) individually during fusion. (3) We removed both DKA and 
KDF (w/o DKA and KDF).

Table 6. Ablation study of MKIF.

FMNERG MNER EEG
Methods Pre Rec F1 Pre Rec F1 Pre Rec F1

MKIF 53.97 52.18 53.06 71.13 68.86 69.97 66.41 64.22 65.29

w/o DKA 52.79 51.00 51.88 (↓ 1.18) 70.45 68.15 69.28 (↓ 0.69) 65.41 63.19 64.28 (↓ 1.01)
 w/o Glob. 52.64 51.71 52.17 70.14 68.98 69.55 65.25 64.10 64.67
 w/o Conc. 53.75 51.00 52.34 71.41 67.84 69.57 66.10 62.72 64.37
 w/o Disc. 52.59 51.87 52.23 70.02 69.13 69.57 64.87 63.98 64.42

w/o KDF 52.46 51.51 51.98 (↓ 1.08) 70.08 68.90 69.49 (↓ 0.48) 65.16 63.98 64.56 (↓ 0.73)
 w/o Glob. 53.07 51.95 52.50 70.43 69.02 69.72 65.49 64.10 64.79
 w/o Obj. 53.27 51.87 52.56 70.44 68.66 69.54 65.63 63.90 64.75

w/o DKA & KDF 51.73 51.20 51.46 (↓ 1.60) 69.41 68.78 69.09 (↓ 0.88) 64.12 63.47 63.79 (↓ 1.50)
Note: Bold values indicate the best results. ↓ indicates the decrease in F1 points relative to the full 
MKIF model. 

The detailed discussions are as follows:
• Effectiveness of DKA. As demonstrated in Table 6, removing DKA leads to a 2.22% 

relative decrease in F1 on FMNERG, indicating its contribution to distinguishing 
semantically similar fine-grained categories. The results also validate that global-level 
knowledge helps filter out sample-irrelevant information. Conceptual descriptions 
provide category-level semantics, while discriminative descriptions further highlight 
inter-class differences. Such complementary information provides more effective 
supervision for fine-grained type disambiguation.

• Effectiveness of KDF. As presented in Table 6, aligning the entities only with raw object 
embeddings results in a 2.04% relative decrease in F1 on FMNERG. Moreover, adding 
either global-level or object-level knowledge individually improves performance. This 
shows that global-level knowledge provides sample-specific contextual cues and object-
level knowledge captures concept-level visual semantics. Meanwhile, the gated fusion 
mechanism enables the model to adaptively integrate the two knowledge sources into 
object representations, thereby learning complex entity–object relations robustly.
Second, we conducted an ablation study to evaluate how removing specific information 

requests from the global-level knowledge generation prompt for GPT-4o-mini affected 
the performance of MKIF.  Specifically, based on the full prompt, we constructed three 
ablated variants by removing one information requirement at a time, including background 
knowledge, named entities, and visual concepts. The F1 scores of FMNERG under different 
prompt templates are reported in Table 7.

As shown in Table 7, the full prompt yields the highest F1 score, while all ablated 
versions still achieve strong performance. The results suggest that the effectiveness of MKIF 
is not sensitive to a particular prompt template, and MKIF can consistently benefit from 
MLLM-generated knowledge under different prompt formulations, verifying the robustness 
of our approach. Meanwhile, removing background knowledge, named entities, or visual 
concepts each causes a performance drop to different extents, which indicates that the 

https://doi.org/10.3390/electronics15215168

https://doi.org/10.3390/electronics15215168


Electronics 2026, 15, 5168 16 of 28

three queried information types are complementary rather than redundant in global-level 
knowledge construction. In particular, removing background knowledge or visual concepts 
from the instruction leads to a significant performance decline, indicating the importance of 
sample-level contextual semantics, and demonstrating that the image-side concepts provide 
useful cross-modal cues for enhancing entity–object alignment. By contrast, removing the 
named-entity-related instruction results in a relatively smaller performance drop, indicating 
that MKIF can effectively capture entity-related information from the original textual input 
and span representations, rather than relying on entity mentions provided by the MLLM.

Table 7. Ablation study of different prompt templates for obtaining global-level knowledge.

Prompt Templates for Obtaining Global-level Knowledge F1

Please provide brief background knowledge of this tweet, tell me the named entities in the 
text, and tell me the visual concepts in the image briefly. (full prompt) 53.06

Please tell me the named entities in the text, and tell me the visual concepts in the image 
briefly. (w/o background knowledge) 50.64

Please provide brief background knowledge of this tweet, and tell me the visual concepts 
in the image briefly. (w/o named entities) 52.05

Please provide brief background knowledge of this tweet, and tell me the named entities in 
the text. (w/o visual concepts) 50.71

TIGER (non-knowledge-based baseline) 47.20

 

Note: Bold and underlined F1 scores indicate the best and second-best results, respectively. Bold italic 
text highlights the prompt settings and the baseline.

4.4.  Analysis and Discussion
To better understand the effectiveness of MKIF, we evaluated the contribution of 

DKA to distinguishing semantically similar entity types, the semantic characteristics of the 
discovered visual concepts and the sensitivity of MKIF to the number of the visual concepts, 
and the performance of MKIF with different MLLMs as knowledge sources. These aspects 
were investigated through the following research questions.
▶RQ1: Does DKA improve the disambiguation of semantically similar fine-grained entity types 
in MNER? 

A: To provide an intuitive illustration of DKA’s contribution, we visualize several test 
instances of both MKIF and MKIF w/o DKA on the MNER subtask in Figure 4.

In case #1, the entity LuverneMN belongs to the city category, but the model without 
DKA incorrectly recognizes it as a sports team. In contrast, by leveraging the conceptual 
description, the full model captures the concept that a sports team is “a group of players com-
peting in sports, with visuals including uniforms, team logos, and group huddles”, which is 
inconsistent with the visual evidence. Consequently, the full model decreases the prediction 
probability of class sports team and correctly recognizes the entity as a city. In case #2, remov-
ing DKA results in ambiguous predictions between athlete and artist when extracting the 
entity Gwen, although the input image suggests an athlete. This occurs because the ablated 
model fails to capture the discrimination that athletes are characterized by physical fitness 
and competition, whereas artists focus on creative expression and artistic techniques. These 
observations indicate that DKA plays a crucial role in mitigating ambiguous predictions by 
exploiting dual-level knowledge supervision through contrastive learning.
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Ground Truth
MNER Prediction

(w/o DKA Module)

MNER Prediction

(Full Model)

Case #1

Case #2

Gwen-artist  Gwen-athlete 

LuverneMN-sports team  LuverneMN-city 

Figure 4. MNER predictions of MKIF and its ablated version. We visualize the predicted proba-
bility distributions for several test samples, showing the top-5 classes. In case #1, the conceptual 
descriptions enable the model to infer that the tweet content is inconsistent with sports team, thereby 
correctly predicting the entity as city. In case #2, the discriminative descriptions assist the model in 
distinguishing the semantically similar entity types athlete and artist.

▶RQ2: How does visual concept discovery in KDF contribute to the effectiveness of MKIF? 
A: We first illustrate representative visual concepts discovered from the training set. 

As shown in Figure 5, unsupervised clustering identifies coherent visual concepts, which 
provide complementary semantic cues for enriching object representations during gated fusion.

Visual

Concept
Objects

Visual

Concept
Objects

Text Entertainer

Logo
Basketball 

Player

Food and 

Drink
Shoe

Speech and 

Performance
Tree

Figure 5. Representative visual concepts discovered from the training set via unsupervised clustering.

Next, we varied the number of visual concepts 𝑉 from 50 to 500 and report the perfor-
mance of MKIF under different settings in Figure 6. From the results, we can observe that 
MKIF achieves the best performance when 𝑉 = 100, while F1 decreases when 𝑉 becomes 
higher or lower. This can be explained as follows: when 𝑉 is too small, the potential visual 
concepts in the dataset cannot be adequately discovered, leading to semantic inconsistency 
among objects within the same cluster; but when 𝑉 is too large, the excessively fine-grained 
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clustering may split semantically similar objects into different clusters, introducing redun-
dant information.

50 100 200 300 400 500
The number of visual concepts V

51.0

51.5

52.0

52.5

53.0

F1

52.34

53.06

52.25

51.83
52.12

51.42

FMNERG
FMNERG

50 100 200 300 400 500
The number of visual concepts V

68.5

69.0

69.5

70.0

70.5

F1

69.85
69.97 69.87

69.70

69.33

68.83

MNER
MNER

50 100 200 300 400 500
The number of visual concepts V

63.5

64.0

64.5

65.0

65.5

F1 64.53

65.29

64.16 64.16

64.47

63.70

EEG
EEG

Figure 6. The performance of MKIF under different numbers of visual concepts 𝑉 discovered from 
the dataset.

To complement our analysis of the number of visual concepts, we further analyzed the 
sensitivity of MKIF to different clustering algorithms in Appendix D.
▶RQ3: How does the choice of MLLM affect the effectiveness of MKIF? 

A: We selected two representative open-source MLLMs as alternative sources of both 
global- and label-level knowledge. LLaVA-1.5-7B [24] is a widely used baseline for visual 
instruction tuning with a simple and reproducible design, while InternVL-2.5-8B [63,64] 
represents more recent advances through dynamic-resolution image processing and training 
on diverse vision-language tasks. As shown in Table 8, we compared all knowledge-based 
variants with the non-knowledge-based method TIGER.

Table 8. Performance comparison with different MLLMs in global- and label-level knowledge generation.

Model FMNERG MNER EEG
Pre Rec F1 Pre Rec F1 Pre Rec F1

TIGER 47.57 46.85 47.20 64.43 65.40 64.91 62.44 61.49 61.96

Ours (LLaVA-1.5-7B) 50.89 49.63 50.25 68.75 67.13 67.93 63.95 62.37 63.15
Ours (InternVL-2.5-8B) 52.21 51.12 51.66 69.04 67.68 68.35 65.14 63.78 64.46
Ours (GPT-4o-mini) 53.97 52.18 53.06 71.13 68.86 69.97 66.41 64.22 65.29

 

Note: Bold values indicate the best results. 

The results show that all knowledge-based variants consistently outperform TIGER, 
demonstrating the effectiveness of incorporating global- and label-level knowledge. Al-
though the performance varies with the adopted MLLM, MKIF remains effective across 
different knowledge sources, indicating that its gains are not tightly coupled to a specific 
MLLM. Compared with GPT-4o-mini, LLaVA-1.5-7B and InternVL-2.5-8B reduce FMNERG F1 
by 2.81 and 1.40 percentage points, respectively. These performance gaps reflect differences in 
the relevance and semantic richness of global-level knowledge for each input image–text pair, 
as well as differences in the conceptual and discriminative quality of label-level knowledge. 
Therefore, we use GPT-4o-mini as the default knowledge source in our final model.

More capable MLLMs may further improve the quality of generated knowledge. How-
ever, as shown in Table 2, Twitter-FMNERG contains 10,000 image–text pairs, and generating 
sample-specific global-level knowledge across this dataset makes API cost an important 
consideration in model selection. GPT-4o-mini therefore offers a practical balance between 
the performance demonstrated above and knowledge-generation cost. Moreover, the design 
of MKIF allows more capable MLLMs to serve as sources of both global- and label-level 
knowledge without requiring architectural changes.
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4.5.  Case Study
To gain deeper insights into the superiority of MKIF in distinguishing semantically sim-

ilar fine-grained entity types and robust entity–object alignment, we compare its predictions 
with those of TIGER on representative test samples in Figure 7.

Case #1: RT @CommonBlackGirl: Shego was bad idgaf.

Case #2: So grateful that I just received my first offer and opportunity to 

play D1 football at Morehead State University!

Ground 

Truth:

TIGER:

Ours:

(Morehead State University, 

educational institution, orange box)

(Morehead State University, 

educational institution, orange box)

(Morehead State University, 

educational institution, None)

Ground 

Truth:
(Shego, character, orange box)

TIGER:

Ours:

(Shego, musician, orange box)

Case #3: RT@USMC: Marines land an MV-22 Osprey on a Dutch warship 

for the first time ever. Full story:

(MV-22, product other, orange box)Ground 

Truth:

TIGER:

Ours:

(Dutch, country, None)

(MV-22, product other, blue box)

(Dutch, country, red box)

(USMC, organization other, None)

(MV-22, product other, orange box)

(Dutch, country, None)

(Shego, character, orange box)

Figure 7. Cases selected from the test set of Twitter-FMNERG. The wrong predictions are highlighted 
in red.

In case #1, both MKIF and TIGER correctly detect the corresponding region of entity 
Shego in the image, but compared to TIGER, our model correctly recognizes it as a character 
rather than a musician. Such improvement can be attributed to DKA, which captures 
the distinction that characters are fictional figures in stories, animations or games, while 
musicians are involved in creating and performing music. Consequently, our model correctly 
extracts the triple from a tweet about cartoons. In case #2, although TIGER correctly 
recognizes the entity Morehead State University and its type, it fails to link the entity to its 
corresponding visual object. Moreover, in the more challenging case #3, TIGER incorrectly 
matches MV-22 with a human and links the country Dutch to plain text. In contrast, our 
method successfully captures the implicit relation between the entity in the educational 
institution category and the visual concept logo, as well as the correlation between product and 
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transportation. Therefore, MKIF accurately detects the regions of Morehead State University 
and MV-22 in the images.

These cases illustrate that MKIF is more effective than TIGER in resolving semantic 
ambiguities among fine-grained entity types and robustly capturing complex entity–object 
relations, thereby addressing the key challenges of FMNERG.

5.  Conclusions
In this paper, we proposed MKIF, a novel framework that leverages multi-level knowl-

edge to jointly address two key challenges in FMNERG: distinguishing semantically similar 
fine-grained entity types and robustly aligning textual entities with visual objects. We first 
acquired global-level knowledge and designed a knowledge-enhanced span representation 
module to generate knowledge-enriched entity span embeddings. To further improve the 
discrimination of fine-grained entity types, we proposed a dual-level knowledge-guided 
alignment (DKA) module, which exploits both global- and label-level knowledge as super-
vision via contrastive learning. Moreover, we proposed a knowledge discovery-enhanced 
fusion (KDF) module that integrates object-level knowledge with global-level knowledge 
into object embeddings through a dynamic gating mechanism, enabling robust modeling of 
entity–object relations. Comprehensive experiments demonstrated that MKIF consistently 
outperformed state-of-the-art methods, and detailed analyses validated the effectiveness 
of its core components. In future work, we plan to equip our framework with continual 
learning capabilities, enabling better adaptation to the dynamically evolving content on 
social media, and to explore privacy-aware FMNERG pipelines that protect the privacy of 
multimodal content while maintaining downstream performance.
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Appendix  A.  Fine-Grained Entity Types and Distributions in the 
Twitter-FMNERG Dataset

Table A1 presents the hierarchy and distribution of the entity types in the Twitter-
FMNERG dataset. The dataset contains 51 fine-grained entity types organized under 
eight coarse-grained categories.
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Table A1. Fine-grained entity types and distributions of the Twitter-FMNERG dataset.

Coarse-Grained Category Fine-Grained Entity Types Train Valid Test Total Proportion 

Person

Politician, musician, actor, artist, ath-
lete, author, businessman, character, 
coach, director, intellectual, journalist, 
person other

5019 1072 1104 7195 42.90% 

Location City, country, state, continent, park, road, 
location other 1553 345 327 2225 13.27% 

Building Cultural place, entertainment place, 
sports facility, building other 365 62 77 504 3.01% 

Organization

Company, educational institution, band, 
government agency, news agency, po-
litical party, social organization, sports 
league, sports team, organization other

3035 595 638 4268 25.45% 

Product Brand name products, game, software, 
product other 355 82 88 525 3.13% 

Art Film and television works, magazine, 
music, written work, art other 495 103 106 704 4.20% 

Event Festival, sports event, event other 614 126 129 869 5.18% 

Other Animal, award, medical thing, website, 
ordinance 343 65 74 482 2.87% 

All 51 fine-grained entity types 11,779 2450 2543 16,772 100% 
Note: Bold text highlights the totals and improves readability.

Appendix  B.  Statistical Significance and Consistency of MKIF’s 
Performance Gains across Random Seeds

To assess whether the improvements of MKIF over baselines (e.g., TIGER) remained 
consistent across multiple random seeds, we evaluated both methods on Twitter-FMNERG 
using five matched seeds (1, 12, 22, 32, 42). Table A2 reports the precision, recall, and F1 
scores for FMNERG and the MNER and EEG subtasks in each run. MKIF achieves a higher 
F1 score than TIGER under every seed for all three tasks.

Table A2. Results of TIGER and MKIF across five random seeds on Twitter-FMNERG.

FMNERG MNER EEG

Method Seed Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1

TIGER 1 47.33 46.47 46.90 64.62 65.80 65.20 61.68 60.56 61.12
12 47.57 47.01 47.29 64.88 65.60 65.24 62.63 61.90 62.26
22 48.28 47.36 47.82 65.26 66.47 65.86 62.91 61.71 62.31
32 47.45 47.34 47.39 65.51 65.64 65.57 61.76 61.62 61.69
42 48.00 47.66 47.83 65.45 65.92 65.68 61.61 61.17 61.39

MKIF 1 53.54 50.85 52.16 70.89 67.40 69.10 66.63 63.27 64.91
12 53.97 52.18 53.06 71.13 68.86 69.97 66.41 64.22 65.29
22 52.98 51.48 52.21 70.26 68.35 69.29 65.28 63.43 64.34
32 53.64 52.73 53.18 70.36 69.25 69.80 66.48 65.36 65.91
42 54.05 52.18 53.10 70.22 67.87 69.03 67.17 64.85 65.99

For each task and seed 𝑖, let 𝑑𝑖 denote the F1 difference between MKIF and TIGER. 
We used a two-sided paired 𝑡-test to examine the null hypothesis 𝐻0 ∶ E[𝑑𝑖] = 0 against 
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𝐻1 ∶ E[𝑑𝑖] ≠ 0. Paired observations yielded four degrees of freedom (𝑑𝑓 = 4). We report the 
mean and sample standard deviation of each method’s F1 scores, the mean paired difference, 
the test statistic, the 𝑝-value, and the 95% confidence interval for the mean difference in 
Table A3.

Table A3. Paired 𝑡-test of MKIF and TIGER across five seeds on Twitter-FMNERG.

Task TIGER F1 MKIF F1 Mean Difference 𝒕(4) 𝒑 95% CI

FMNERG 47.45 ± 0.39 52.74 ± 0.51 +5.30 20.84 3.13 × 10−5 [4.59, 6.00]
MNER 65.51 ± 0.28 69.44 ± 0.42 +3.93 15.31 1.06 × 10−4 [3.22, 4.64]
EEG 61.75 ± 0.53 65.29 ± 0.69 +3.53 7.72 1.51 × 10−3 [2.26, 4.81]

The paired comparisons indicated consistent F1 gains for MKIF over TIGER on all three 
tasks. All three 𝑝-values remained below the Bonferroni-adjusted significance threshold of 
0.05/3 = 0.0167, supporting the robustness of these gains across the evaluated random seeds.

Appendix  C.  Trainable Parameter Analysis
This appendix reports the trainable parameter counts of MKIF and TIGER and provides 

a component-wise breakdown of MKIF. Table A4 compares the trainable parameter counts 
of the two models.

Table A4. Trainable parameter counts of MKIF and TIGER. M denotes 106 parameters.

Model Trainable Parameters (M)

TIGER 224.48
Ours 152.14

 

Note: Bold text highlights the model with fewer trainable parameters.

MKIF contains 152.14M trainable parameters, compared with 224.48M for TIGER, cor-
responding to approximately 72.34M fewer parameters (32.23%). This difference primarily 
reflects the backbone architectures: MKIF uses a BERT encoder with task-specific modules, 
whereas TIGER retains the encoder–decoder architecture of T5-base. Together with the 
results in Table 3, this comparison shows that the performance gains of MKIF over TIGER 
are achieved with fewer downstream trainable parameters, demonstrating a more efficient 
trade-off between task performance and parameter efficiency.

Beyond the overall parameter comparison, Table A5 provides a component-wise break-
down of the trainable parameters in MKIF. The text encoder accounts for approximately 
71.57% of these parameters, while the remaining components together contain approxi-
mately 43.25M parameters. “Other” denotes the parameters associated with span represen-
tation and task prediction.

Table A5. Trainable parameter counts of MKIF by component. M denotes 106 parameters.

Component Trainable Parameters (M) 

Textual encoder (BERT-base) 108.89 
Cross-modal interaction (CMI) 12.41 
Dual-level knowledge-guided alignment (DKA) 7.67 
Knowledge discovery-enhanced fusion (KDF) 18.72 
Other 4.45 

Total 152.14 

 

Note: Bold text highlights the total parameter count.
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Appendix  D.  Sensitivity of MKIF to Different Clustering Algorithms 
in KDF

To examine the sensitivity of MKIF to the choice of clustering algorithm, we compared 
𝑘-means, spherical 𝑘-means [65], and a Gaussian mixture model (GMM) [66] for visual 
concept discovery. All three variants used the same object-feature extraction procedure and 
100 clusters or mixture components, and the resulting visual concepts provided object-level 
knowledge for KDF. We evaluated their performance on Twitter-FMNERG and compared 
them with TIGER, which does not explicitly enrich object representations with discovered 
visual concepts for EEG. The results are reported in Table A6.

Table A6. Performance comparison of MKIF with different clustering algorithms in KDF and TIGER 
on Twitter-FMNERG.

Model
FMNERG MNER EEG

Pre Rec F1 Pre Rec F1 Pre Rec F1

TIGER 47.57 46.85 47.20 64.43 65.40 64.91 62.44 61.49 61.96

Ours (GMM) 50.83 49.51 50.16 69.84 68.11 68.97 63.95 62.29 63.11
Ours (spherical 𝑘-means) 51.94 50.53 51.23 70.25 68.43 69.33 64.55 62.80 63.66
Ours (𝑘-means) 53.97 52.18 53.06 71.13 68.86 69.97 66.41 64.22 65.29

 

Note: Bold values indicate the best results.

Table A6 shows that 𝑘-means achieves the highest scores across all reported metrics, 
followed by spherical 𝑘-means and GMM. Compared with spherical 𝑘-means, 𝑘-means im-
proves FMNERG, MNER, and EEG F1 by 1.83, 0.64, and 1.63 percentage points, respectively. 
The corresponding improvements over GMM are 2.90, 1.00, and 2.18 points. The larger 
differences in EEG than in MNER are consistent with the role of the discovered concepts in 
enriching object representations for grounding. All three MKIF variants achieve higher F1 
scores than TIGER on all three tasks, supporting the effectiveness of MKIF under different 
choices of visual concept discovery. These results are also consistent with the role of KDF 
in exploiting the discovered visual concepts to enrich object representations for EEG. The 
performance differences may reflect the distinct clustering objectives and the resulting 
visual concept assignments. Among the evaluated methods, 𝑘-means achieves the strongest 
results and is therefore adopted as the default clustering algorithm in KDF.

Appendix  E.  Hyperparameter Selection
This appendix reports the validation results supporting the hyperparameter selection 

procedure described in Section 4.1.3. We varied one parameter group at a time in the order 
of visual concept count, joint CMI/DKA attention layer configuration, and batch size, while 
holding the remaining settings fixed. Each candidate was trained for up to 50 epochs, and its 
score was taken from the checkpoint with the highest validation FMNERG F1. The test set 
was not used for these comparisons.

Tables A7–A9 show that 𝑉 = 100, one attention layer in each of CMI and DKA, and a 
batch size of eight yield the highest validation FMNERG F1 in their respective comparisons. 
This sequential search did not evaluate every combination of the candidate values.

To determine the final training duration, we examine the validation learning curve 
from a separate run of the selected configuration with a different random seed in Figure A1, 
as learning curves can inform early stopping and model selection [67]. The training loss 
decreases throughout training, whereas validation FMNERG F1 reaches its maximum at 
epoch 38 and then fluctuates around a similar level, with no sustained improvement between 
epochs 40 and 50. We therefore use 40 epochs as the maximum training duration for the 
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final configuration and select the checkpoint with the highest validation FMNERG F1 within 
that duration.

Table A7. FMNERG precision, recall, and F1 on the validation set with different numbers of visual 
concepts 𝑉.

𝑽 Pre Rec F1

50 55.31 52.08 53.65
100 54.88 53.71 54.29
200 54.17 53.06 53.61
300 52.95 52.69 52.82
400 54.47 52.73 53.59
500 53.72 52.73 53.22

 

Note: Bold text indicates the highest F1 score and the corresponding hyperparameter configuration.

Table A8. FMNERG precision, recall, and F1 on the validation set with different CMI/DKA attention 
layer configurations.

CMI Attention Layers DKA Attention Layers Pre Rec F1

1 1 54.88 53.71 54.29
2 2 53.79 53.63 53.71
4 4 54.33 52.98 53.65
1 2 53.49 53.43 53.46
2 1 53.79 53.59 53.69

 

Note: Bold text indicates the highest F1 score and the corresponding hyperparameter configuration.

Table A9. FMNERG precision, recall, and F1 on the validation set with different batch sizes.

Batch size Pre Rec F1

4 54.15 52.49 53.31
8 54.88 53.71 54.29

16 54.60 53.55 54.07
32 50.60 52.04 51.34

 

Note: Bold text indicates the highest F1 score and the corresponding hyperparameter configuration.
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Figure A1. (a) Training loss and (b) validation FMNERG F1 over 50 epochs for a separate run of the 
selected configuration using a different random seed. The highest validation F1 is 54.21 at epoch 38.

Appendix  F.  Computational Efficiency
To assess MKIF’s inference efficiency relative to the representative FMNERG baseline 

TIGER, we compared the online inference efficiency of MKIF and TIGER on the same 
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128 test samples using an NVIDIA A100 GPU. Inference latency and peak GPU memory 
were measured with a batch size of eight, after 10 warm-up batches and over three repetitions. 
FLOPs were estimated with the PyTorch profiler on the same eight samples at a batch size 
of one. The results are reported in Table A10.

Table A10. Inference efficiency comparison between TIGER and MKIF.

Model Latency (ms/Sample) ↓ FLOPs (G) ↓ Peak GPU Memory (MB) ↓

TIGER 131.01 54.72 1125.69
MKIF 12.81 57.38 802.25

Table A10 shows that MKIF has lower inference latency and peak GPU memory usage 
than TIGER, despite its slightly higher FLOP count. This latency difference is consistent with 
their different prediction procedures. TIGER autoregressively generates entity–type–object 
triples with a T5-based encoder–decoder, whereas MKIF predicts spans largely in parallel. 
Together with the FMNERG performance in Table 3, these results further demonstrate that 
MKIF combines strong task performance with practical online inference efficiency.

For clarity, the measurements cover only the online inference stage. The global- and 
label-level knowledge generated by the MLLM, the object candidates detected by VinVL, 
the object features extracted by CLIP for visual concept discovery, and the discovered visual 
concepts are prepared offline before model training and inference. Their preprocessing 
costs are not included in the reported inference latency, FLOPs, or peak GPU memory.
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