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Abstract

Multimodal misinformation demands robust Cross-modal Entity Consistency (CEC) verification,
aligning textual entities with visual depictions. Current large vision-language models (LVLMs) struggle
with fine-grained entity verification, especially in complex "contextual mismatch" scenarios, failing
to capture intricate relationships or leverage auxiliary information. To address this, we propose
the Entity-Aware Cross-Modal Fusion Network (EACFN), a novel architecture for deep semantic
alignment and robust integration of external visual evidence. EACFN incorporates modules for entity
encoding, cross-attention for reference image enhancement, and a Graph Neural Network (GNN)-
based module for explicit inter-modal relational reasoning, culminating in fine-grained consistency
predictions. Experiments on three annotated datasets demonstrate EACFN’s superior performance,
significantly outperforming state-of-the-art zero-shot LVLMs across tasks, particularly with reference
images. EACEN also shows improved computational efficiency and stronger agreement with human
judgments in ambiguous contexts. Our contributions include the innovative EACFN architecture, its
GNN-based relational reasoning module, and effective integration of reference image information for
enhanced verification robustness.

Keywords: cross-modal entity consistency; EACFN; graph neural network; reference images; entity
verification

1. Introduction

The proliferation of digital news media has unfortunately coincided with a surge in multimodal
misinformation, where misleading or fabricated information is often conveyed through inconsistencies
between text and accompanying images. A critical aspect of combating this challenge lies in the Cross-
modal Entity Consistency (CEC) verification task [1], which aims to determine whether the entities
(e.g., persons, locations, events) mentioned in a news article’s text align truthfully with those depicted
or implied in its associated images. This task is paramount for identifying "contextual mismatch"
news, where images are often deceptively paired with unrelated or subtly altered text to convey false
narratives. Enhancing the fine-grained entity verification capability in such scenarios is therefore a
crucial step towards more accurate and robust fake news detection systems.

Existing zero-shot approaches based on large vision-language models (LVLMs) have shown
promising capabilities in various cross-modal tasks [2,3], including multi-style image captioning [4],
sketch storytelling [5], and visual question answering [6]. However, their performance in fine-grained
entity consistency verification, particularly in complex real-world news contexts involving subtle
discrepancies [7-9] and inherent uncertainties, still presents significant challenges [10]. This difficulty
echoes broader challenges in computer vision regarding robust consistency, such as maintaining cross-
view consistency in self-supervised monocular depth estimation [11]. These models often struggle to
capture the intricate relationships between specific textual entities and corresponding visual regions, or
to effectively leverage auxiliary information, such as reference images, to confirm or refute consistency.
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This limitation motivates our work to develop a method that can deeply understand and align entities
across modalities while robustly integrating external visual evidence for more reliable judgments.

Misleading News Example Limitations of Current LVLMs
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Figure 1. Motivation for Cross-modal Entity Consistency (CEC): misleading image—text pairs can create contextual
mismatches that current LVLMs often miss, motivating our entity-aware fusion with reference evidence and
graph-based relation reasoning for reliable PER/LOC/EVT verification.

To address these challenges, we propose an Entity-Aware Cross-Modal Fusion Network (EACEN).
Our method is specifically designed to overcome the limitations of current zero-shot LVLM approaches
by constructing a sophisticated framework that delves into the fine-grained semantic alighment
between textual entities and visual elements, while also effectively incorporating reference image
information. EACFN comprises four core modules: an Entity Extraction & Semantic Encoding (EESE)
module to robustly extract and represent entities from both text and images; a Reference & News Image
Feature Enhancement (RNIFE) module which employs cross-attention to selectively fuse relevant
visual evidence from reference images into the news image features; an Entity Alignment & Relation
Reasoning (EARR) module built upon a Graph Neural Network (GNN) to explicitly model and infer
complex relationships between cross-modal entities; and finally, a Multi-modal Consistency Judgment
(MCJ) module that integrates these alignment scores to output fine-grained consistency predictions.

For experimental validation, we employ three widely used datasets meticulously enhanced
with entity annotations to ensure a fair and comprehensive comparison with existing methods:
TamperedNews-Ent [10], tailored for evaluating model performance against manipulated news; News400-
Ent [12], a real-world news dataset; and MMG-Ent [10], which includes sub-tasks for location con-
sistency (LCt), comparative consistency (LCo), and consistency with reference images (LCn). These
datasets allow us to evaluate the consistency of Person (PER), Location (LOC), and Event (EVT) entities.
Our primary evaluation metric is Accuracy. We conduct extensive comparisons against state-of-the-art
zero-shot LVLMs, namely InstructBLIP [13] and LLaVA 1.5 [13]. Furthermore, we investigate the
impact of different image composition strategies (ICS): “‘w /o’ (without reference images) and ‘comp’
(with entity-related reference images). Our proposed EACEN inherently integrates reference image
information to achieve optimal performance, aligning with the ‘comp’ strategy.
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Our experimental results demonstrate the superior performance of the proposed EACFN across a
majority of entity types and tasks. Notably, when utilizing reference images (‘comp’ setting), EACFN
significantly outperforms all baseline models, underscoring the effectiveness of its entity-aware fusion
mechanism in leveraging external visual evidence. For instance, EACFN (comp) achieves a remarkable
0.82 accuracy for PER and 0.81 for EVT on the TamperedNews-Ent dataset. On the News400-Ent
dataset, EACEN (comp) further elevates the EVT accuracy to 0.87, highlighting its advanced capability
in complex event understanding. Even without reference images (‘w /o’ setting), EACEN consistently
exhibits strong performance, particularly on the MMG-Ent sub-tasks, achieving 0.75 for LCt, 0.52 for
LCo, and 0.65 for LCn, significantly surpassing LLaVA 1.5. This indicates the robustness and superior
fine-grained entity capture ability of our Entity Alignment & Relation Reasoning module. While
EACEN shows strong performance for LOC consistency on TamperedNews-Ent (0.83 w/0), a slight
dip on News400-Ent (comp) suggests that geographic entity verification might be more sensitive to the
quality and diversity of reference images, presenting a promising avenue for future improvements.

In summary, our main contributions are:

e We propose the Entity-Aware Cross-Modal Fusion Network (EACFEN), a novel architecture for fine-
grained cross-modal entity consistency verification, specifically designed to address limitations of
existing LVLMs in complex news scenarios.

e  We introduce a unique Entity Alignment & Relation Reasoning (EARR) module based on Graph
Neural Networks, enabling explicit modeling and inference of complex relationships between
textual and visual entities, leading to more robust consistency judgments.

*  Our EACEN effectively integrates reference image information through a dedicated enhancement
module, significantly boosting performance in critical tasks and demonstrating superior accuracy
over state-of-the-art zero-shot LVLMs across multiple entity types and real-world news datasets.

2. Related Work
2.1. Multimodal Misinformation Detection and Cross-Modal Consistency

Multimodal misinformation detection requires cross-modal consistency to verify coherence. Early
efforts used fusion, e.g., Wu et al.’s [2] co-attention networks. Recent work addresses image forgeries
with multi-modal LLMs [7] and watermarking [8,9]. Understanding complex multimodal interactions,
as in Yang et al.’s MTAG [14] graph model, is crucial.

Cross-modal consistency verification targets image-text consistency and contextual mismatch.
Hu et al.’s MMGCN [15] models dependencies, while UniMSE [16] addresses contextual mismatch
via contrastive learning. Entity alignment is foundational, with Tang et al.’s CTEN [17] establishing
multimodal correspondence. Robust decision-making, crucial for applications like autonomous
navigation [18] and interactive systems [19], relies on consistency, extending to tasks like depth
estimation [11].

Fusion models risk spurious correlations [20], necessitating robust fine-grained entity verification
via techniques like implicit event argument [21] and open information extraction [22]. This aligns
with the need for reliable information in intelligent decision-making systems [23-25] and multi-
agent environments [26]. ConfEDE [27] disentangles multimodal features, and stance detection [28]
aids news verification systems. In summary, verifying cross-modal consistency and fine-grained
inconsistencies remains critical, ensuring LLMs adhere to task constraints for nuanced differentiation
[29].

2.2. Vision-Language Models and Graph-based Multimodal Reasoning

Vision-Language Models (VLMs) and graph-based approaches facilitate multimodal understand-
ing and complex reasoning [30,31]. Early VLMs focused on robust representation and fusion, like Li et
al.’s CLMLF [32] for sentiment. Progress includes image captioning [4,33], sketch storytelling [5], and
VQA [6]. Robust multimodal representation [34] and perception in challenging environments [35,36]
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are crucial. Wu et al. [1] showed multimodal sentiment with visual grounding, leading to architectures
like MuRAG [37] for open QA and medical diagnosis [38].

Graph-based approaches effectively model relationships for complex reasoning, exemplified by
Huang et al.’s DAGN [39] for textual reasoning and Li et al.’'s MRN [40] for local/global relationships.
Synergizing VLMs with graph reasoning demands information extraction [21,22] to identify graph
nodes [41], and advanced attention [42] for robust cross-modal integration. This VLM-graph integration
is a promising direction for multimodal reasoning.

3. Method

In this section, we present our proposed Entity-Aware Cross-Modal Fusion Network (EACFN)
for fine-grained cross-modal entity consistency verification. EACEN is designed to overcome the
limitations of existing zero-shot Large Vision-Language Model (LVLM) approaches by providing a
structured framework that deeply aligns entities across modalities and robustly integrates external
visual evidence from reference images. Our network comprises four interdependent modules: Entity
Extraction & Semantic Encoding (EESE), Reference & News Image Feature Enhancement (RNIFE),
Entity Alignment & Relation Reasoning (EARR), and Multi-modal Consistency Judgment (MC]J).

News Text Entity Extraction Cross-Attention with Entity Alignment Multi-Modal
& Semantic Encoding Reference Image & Relation Reasoning Consistency Judgment
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Figure 2. Overview of the proposed Entity-Aware Cross-Modal Fusion Network (EACFN), which integrates entity

News Image

cn |~ E3-T3-E0 e

——— =l
—{__ Text Encoder \) &
( Enhanced Global News Feature \

Visual Encoder

Reference Image
Regions

pifL{yll
B
()

\
|
I
|
]
“
1
)

Reference lmage(s)

extraction, reference-enhanced cross-attention, and graph-based inter-modal reasoning to perform fine-grained
cross-modal entity consistency verification.

3.1. Overall Architecture

The EACFN architecture systematically processes news articles (text and image) along with
associated reference images to determine entity consistency. Initially, the Entity Extraction & Semantic
Encoding (EESE) module performs two primary functions: extracting textual entities and their se-
mantic embeddings from the news text, and identifying salient visual regions along with their feature
representations from the news image. Following this, the Reference & News Image Feature Enhance-
ment (RNIFE) module operates. This module leverages a cross-attention mechanism, implicitly guided
by the overall news context including textual entity information, to selectively fuse relevant visual
evidence from the reference image into the news image features. This process generates an enriched,
entity-aware visual representation for the news image. These extracted and enhanced features then
serve as nodes in a Graph Neural Network (GNN) within the Entity Alignment & Relation Reasoning
(EARR) module. Here, complex inter-modal relationships between textual entities, raw news image
regions, and reference-enhanced news image regions are explicitly modeled and inferred. Finally, the
refined node embeddings from the GNN are integrated by the Multi-modal Consistency Judgment
(MCJ) module to produce the ultimate consistency verification results. This includes a comprehensive
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judgment of consistency for the entire news pair, alongside fine-grained consistency scores for each
specific entity type (Person (PER), Location (LOC), Event (EVT)).

3.2. Entity Extraction & Semantic Encoding (EESE)

The EESE module is responsible for robustly identifying and representing entities from both the
textual and visual modalities, converting them into a unified embedding space suitable for cross-modal
interaction.

3.2.1. Text Entity Extraction and Encoding

For the news text, we employ a sophisticated Named Entity Recognition (NER) model, such
as those built upon large pre-trained language models (e.g., RoBERTa or DeBERTa architectures), to
precisely identify and extract mentions of Persons (PER), Locations (LOC), and Events (EVT). Each
extracted text entity span, denoted as s;, is then tokenized and fed into a pre-trained text encoder (e.g.,
BERT). This encoder transforms the textual sequence into a dense semantic representation e; € R,
where Dy is the dimensionality of the text entity embeddings. The encoding process for a single entity
span s; can be formally expressed as:

e; = TextEncoder(s;) 1)

The full collection of these semantic representations for all extracted text entities is denoted as E =
{e1,..., en,}, where N; is the total number of text entities identified in the news article.

3.2.2. Image Region Detection and Feature Extraction

For the news image, we first utilize a combination of a Region Proposal Network (RPN) and
an advanced object detection model (e.g., Faster R-CNN or DETR) to identify salient visual regions.
These models generate bounding boxes and initial features for prominent objects and areas within the
image. Each detected visual region, 1;, typically defined by its bounding box coordinates and content,
is then passed through a visual encoder (e.g., a Vision Transformer (ViT) or Swin Transformer). This
encoder extracts a high-dimensional visual feature vector Vi € RP> for each region, where Dy is the
dimensionality of the visual region embeddings. The extraction of visual features from a region r; is
given by:

v; = VisualEncoder(r;) 2)

The collection of these visual region features for the news image is denoted as Vnews = {v1,...,Vn, },
where Nj is the number of regions detected in the news image. In parallel, for the provided reference
image, the same visual encoder and region detection pipeline are applied to extract its corresponding
visual region features, denoted as Vet = {v'l, eeey v}\]r}, with N; being the number of regions in the
reference image. This ensures that features from both news and reference images are represented in a
consistent and comparable visual space.

3.3. Reference & News Image Feature Enhancement (RNIFE)

The RNIFE module is designed to enrich the news image’s visual features by selectively incor-
porating relevant visual evidence from an auxiliary reference image. This enhancement is achieved
through a cross-attention mechanism, guided by the overall context of the news article.

We leverage pre-trained large vision-language models (e.g., CLIP or EVA-CLIP) to extract both
global and region-level features. Let Fpews € RD# be the global feature vector representing the
entire news image, and F,f € RPs be the global feature for the reference image, where Dy is the
dimensionality of global image features. We also utilize the region features Vyews and V¢ obtained
from the EESE module.

To achieve an entity-aware enhancement, we design a multi-head cross-attention mechanism.
Queries are primarily derived from the news image’s features, while keys and values are sourced
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from the reference image’s features. Although not directly input to the attention, the extracted textual
entities and their context implicitly inform the learning of the parameters within this module, ensuring
the enhancement is relevant to the overall news content.

Specifically, an initial query vector qnews is formed by concatenating the news image’s global
feature Frews with an aggregated representation of its visual regions. A global pooling operation (e.g.,
mean pooling) is applied to Vpews to summarize its regional content:

qnews = Linearg ([Fnews; Pooling(Vnews)]) 3)

where Linearg is a learnable linear projection. Concurrently, the reference image regions V¢ are
transformed into key and value matrices using separate linear projections:

Kier = Linearg (Vref> (4)
Vref_val = Lineary (Vref) 5)

where Linearg and Lineary are learnable linear transformations. The attention weights «; for each
reference image region V} € Vit (corresponding to key k;) are then computed using a scaled dot-
product attention mechanism:

Inews (kj )T
a; = softmax| ———— (6)
! < Vi
Here, k; denotes the j-th row of K, (i.e., the key vector for v;-), and dy, is the dimensionality of the keys.
These attention weights quantify the relevance of each reference image region to the news context. An
aggregated context vector C is then computed by taking a weighted sum of the value vectors from

the reference image, based on the attention weights:
N;
/
Cref = Z wjv; 7)
j=1

This context vector C,¢ effectively summarizes the most relevant visual information from the reference
image that aligns with the overall news content. This vector is then utilized to enhance the news

image’s global feature Fpews, producing an entity-aware, enriched news image representation Fj,. -

Fgews = MLP; ([Fnews) Cref]) (8)

where MLP; is a Multi-Layer Perceptron. This enhanced global representation Fj,s now encapsulates

information from the reference image that is pertinent to the news context. To ensure this enhancement
propagates to fine-grained details, we then project this global enhanced feature back to generate a set
of enhanced news image region features, Vie,s = {v{,..., vy, }. Each v}/ is derived from the original

news image region v by incorporating the reference-contextualized information from F,,,,, ensuring
dimensionality alignment with the initial news image region features:

V;<I = MLPregionﬁenhance([Vk} F;ews]) for each vi € Vnews ©)

Here, MLP egion_enhance 18 another Multi-Layer Perceptron that refines each original news region feature
Vi by conditioning it on the globally enhanced news image representation. This step ensures that each
region in the news image benefits from the selectively fused reference image evidence, resulting in a
robust, context-rich set of visual region features for subsequent processing.
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3.4. Entity Alignment & Relation Reasoning (EARR)

The EARR module forms the core of EACFN, employing a Graph Neural Network (GNN) to
explicitly model and infer complex alignment and relational dependencies among entities across
modalities. This module constructs a heterogeneous graph where nodes represent entities from the
text and image modalities, allowing for deep interaction and reasoning.

We construct a heterogeneous graph G = (N, £), where N is the set of all entity nodes and £
represents the set of edges. The nodes comprise three distinct types of entity representations: The
first type consists of text entity nodes, e; € E, which are the semantic embeddings derived from the
EESE module. The second type includes raw news image region nodes, Vj € Vhews, representing the
initial visual features extracted by EESE. The third type comprises enhanced news image region nodes,
V) € V] ews Which are the reference-enhanced visual features generated by the RNIFE module. Let the
initial feature vector for each node n € N be denoted as h,(f). These initial features are directly taken
from the outputs of the EESE and RNIFE modules.

The edges L of the graph are not explicitly pre-defined but are dynamically established and
weighted through a multi-head attention mechanism inherent to the GNN architecture. This allows
each node to selectively aggregate information from its neighbors based on learned relevance, effec-
tively modeling inter-modal relationships. A Graph Attention Network (GAT) layer is utilized for
propagating information across the graph and updating node representations. Within each layer !
of the GNN, the hidden representation hfl) of node i is updated by aggregating information from its
neighbors NV (7). The aggregation process for a GAT layer is defined as:

hlgm) I E Y a(]h)w(h)h(l) (10)
h=1jeN (i)

where ¢ is a non-linear activation function (e.g., ReLU or LeakyReLU), H is the number of independent

attention heads, and W) is a learnable weight matrix specific to the /i-th attention head. The attention
(n)
p

the h-th head. These coefficients are computed as:

coefficients «;;/ quantify the importance of node j’s features to node i’s updated representation within

" exp (LeakyReLU (a(h)T [W(h)hlgl) \|W(h)h](l)} ) )

T YkeN (i) €XP (LeakyReLU (a(h)T [w(h)hl(l) [ W(h)hl({l)] ) )

(11)

1

Here, alh)

is a learnable attention vector for the h-th head, and || denotes the concatenation operation.
This multi-head attention mechanism enables the GNN to learn complex, context-dependent rela-
tionships and implicitly form an adaptive graph structure between diverse entity types (text entities,
raw visual regions, and enhanced visual regions). By considering both original and enhanced visual
features, the GNN can reason about consistency while accounting for external evidence. After multiple
layers of such message passing, the GNN yields refined node embeddings hf"! that capture rich

cross-modal entity interactions and explicit alignment information.

3.5. Multi-modal Consistency Judgment (MCJ)

The final module, MC]J, takes the refined entity embeddings from the EARR module and aggre-
gates them to make a comprehensive, fine-grained cross-modal consistency judgment. The goal is to
provide both an overall consistency verdict and interpretable scores for specific entity types.

The output of the GNN, hfi"@l represents highly enriched features for each node, incorporating
both intra-modal and inter-modal contextual information. To predict consistency, we first compute
similarity scores between corresponding textual and visual entity types. For each textual entity e; of a
specific type (PER, LOC, or EVT), we find its most relevant visual counterpart among all refined visual
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entity nodes. This search considers both the raw news image regions and the reference-enhanced news
image regions, as they are all part of the hf}j‘,‘al set.

For each text entity e; belonging to a specific type T € {PER, LOC, EVT}, we identify the maximal
cosine similarity with any refined visual region node hf,ij‘,‘alz

max_sim(hginal) = max (CosineSim(hginal, hf,i?al)> (12)
]

where hgf‘al is the final embedding for text entity i, and hf,ijr_‘al refers to the final embedding of any

visual region node (raw or enhanced). Subsequently, these maximum similarity scores are aggregated

for all entities belonging to a specific type T (Person, Location, or Event) to yield a single consistency

score for that type. A mean aggregation is typically employed to capture the average consistency for

entities of that type:

SPER = To—— Y, max_sim (hfna!) (13)
|€per| €, €EEpER 1
1 .

SLOC = o Z max_sim (hfnal) (14)
[€Loc] ei€éroc l
1 .

SEVI = o Y max_sim (hfnal) (15)
|€evr] & €EpVT l

Here, Eppr, £L0c, and Epyt represent the sets of final text entity embeddings for Persons, Locations,
and Events, respectively, and | - | denotes the cardinality of the set. These three aggregated consistency
scores (Spgr, SLOC, SEvT) are then concatenated into a single vector. This vector serves as input to a
Multi-Layer Perceptron (MLP) classifier, which processes these scores to output the final cross-modal
entity consistency probability for the entire news pair. A sigmoid activation function ensures the
output is a probability between 0 and 1:

Pconsistency = Sigmoid (MLP([sper, sLoc, SEvT])) (16)

The output Peonsistency represents a binary classification (consistent/inconsistent) for the overall news
pair. Simultaneously, the individual scores spgr, spoc, and sgyt provide fine-grained insights into
the consistency of specific entity types, enabling a more interpretable and diagnostic verification
process. This modular approach ensures that the model delivers both a holistic judgment and detailed,
type-specific consistency assessments.

4. Experiments

In this section, we detail our experimental setup, present a comprehensive comparison of our
proposed Entity-Aware Cross-Modal Fusion Network (EACFN) with state-of-the-art baselines, and
conduct ablation studies to validate the effectiveness of our key architectural components.

4.1. Experimental Setup
4.1.1. Datasets

To ensure a robust and comprehensive evaluation, we utilize three publicly available datasets,
each augmented with fine-grained entity annotations (Persons (PER), Locations (LOC), Events (EVT)):

¢  TamperedNews-Ent: This dataset comprises news articles where images have been intentionally
manipulated or deceptively paired with text. It primarily serves to assess a model’s ability to
detect subtle inconsistencies indicative of fake news.

*  News400-Ent: This dataset consists of real-world news articles with naturally occurring image-
text pairs. It is used to evaluate the model’s performance and robustness in authentic news
contexts.
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e  MMG-Ent: This dataset is designed for document-level consistency verification and includes
three specialized sub-tasks focusing on specific entity consistency challenges:

—  LCt (Location Consistency): Verifies consistency of location entities.
-  LCo (Comparative Consistency): Assesses whether entities are consistent when compared
across similar news contexts.
-  LCn (Reference Consistency): Determines consistency with respect to provided reference
images.
Each dataset allows for fine-grained evaluation across specific entity types: Person (PER), Location
(LOC), and Event (EVT).

4.1.2. Evaluation Metrics

Following established practices in cross-modal entity consistency verification, we adopt Accuracy
as the primary evaluation metric to quantify the model’s performance. Accuracy measures the
proportion of correctly classified consistent or inconsistent news samples.

4.1.3. Baseline Models

We compare EACFN against two leading zero-shot Large Vision-Language Models (LVLMs)
known for their strong performance in various cross-modal understanding tasks:

e InstructBLIP: A powerful LVLM capable of following intricate instructions and performing
zero-shot image-text reasoning.

e LLaVA 1.5: Another state-of-the-art LVLM leveraging large language models and visual encoders
for multimodal understanding.

To assess the impact of auxiliary visual information, we evaluate these baselines under two distinct
Image Composition Strategies (ICS):

¢ w/o: The model only processes the news image and its associated text, without any additional
reference images.

¢ comp: The model is provided with entity-related reference images alongside the news image and
text, aimed at enhancing verification.

Our proposed EACEN inherently integrates reference image information through its Reference &
News Image Feature Enhancement (RNIFE) module for optimal performance, thus aligning with the
‘comp’ strategy for a fair comparison in its full configuration. However, for ablation purposes, we also
present an EACFN variant without explicit reference image input.

4.1.4. Implementation Details

For the Entity Extraction & Semantic Encoding (EESE) module, we fine-tune a pre-trained
DeBERTa-v3-large model for Named Entity Recognition (NER) on text, extracting PER, LOC, and EVT
entities. Text entity embeddings are then obtained using a BERT-base encoder. For visual features,
we employ a Faster R-CNN with a ResNet-101 backbone as the region proposal and object detection
model, and a pre-trained Swin Transformer V2 as the visual encoder. The Reference & News Image
Feature Enhancement (RNIFE) module utilizes a CLIP-ViT/L-14 backbone for global and initial region
features, with multi-head cross-attention for fusing reference image information. The Entity Alignment
& Relation Reasoning (EARR) module employs a 2-layer Graph Attention Network (GAT) with 8
attention heads. The entire EACFN model is trained using the AdamW optimizer with a learning
rate of 5 x 10~° and a batch size of 16 for 10 epochs. All experiments are conducted on NVIDIA A100
GPUs.

4.2. Overall Performance

Table 1 presents the comparative results of our EACFN method against InstructBLIP and LLaVA
1.5 in terms of Accuracy across various entity types and tasks on the three datasets.
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Table 1. Overall Accuracy (%) on TamperedNews-Ent, News400-Ent, and MMG-Ent datasets. Best performance in
each category is highlighted in bold. The ‘ICS’ denotes Image Composition Strategy: ‘w /o’ (without reference
image) and ‘comp’ (with reference image). ‘PER": Person, ‘LOC’: Location, ‘EVT: Event. ‘LCt": Location
Consistency, ‘LCo’: Comparative Consistency, ‘LCn’: Reference Consistency.

TamperedNews-Ent News400-Ent MMG-Ent
PER LOC EVI PER LOC EVT LCt LCo LCn

InstructBLIP w/o 66.0 81.0 76.0 68.0 75.0 79.0 63.0 30.0 59.0
comp 73.0 78.0 72.0 71.0 67.0 85.0 - - -

LLaVA 1.5 w/o 61.0 79.0 71.0 63.0 70.0 57.0 70.0 48.0 27.0
comp 78.0 73.0 77.0 77.0 70.0 85.0 - - -

EACEN (Ours) w/o 75.0 83.0 79.0 74.0 78.0 82.0 75.0 52.0 65.0
comp  82.0 81.0 81.0 80.0 75.0 87.0 - - -

Model ICS

As depicted in Table 1, our proposed EACFN method consistently achieves leading performance
across a majority of entity types and tasks. The effectiveness of EACEN is particularly evident when
utilizing reference images (the ‘comp” setting), underscoring the benefits of its sophisticated entity-
aware fusion mechanism in leveraging external visual evidence for improved verification.

*  On the TamperedNews-Ent dataset, EACFN (comp) attains the highest accuracy for PER (82.0%)
and EVT (81.0%) entity verification, significantly surpassing all baseline models. This demon-
strates EACFN'’s superior capability in identifying subtle discrepancies in manipulated news
scenarios.

e  For the News400-Ent dataset, EACFN (comp) further elevates the EVT entity accuracy to an
impressive 87.0%, which is the highest recorded. This highlights EACFN’s robust understanding
of complex events in real-world news contexts.

*  Even in the absence of reference images (the ‘w /0o’ setting), EACEN exhibits strong performance.
Notably, on the MMG-Ent dataset, EACFN (w/o0) outperforms LLaVA 1.5 across all sub-tasks,
achieving 75.0% for LCt, 52.0% for LCo, and 65.0% for LCn. This suggests that EACFN’s Entity
Alignment & Relation Reasoning (EARR) module possesses enhanced generalization capabilities
and a finer ability to capture intrinsic entity features, even when direct external visual evidence is
not provided.

¢  While EACEN (w/o0) achieves the highest LOC accuracy (83.0%) on TamperedNews-Ent, its
performance for LOC on News400-Ent (comp) is slightly lower than the best baseline. This
observation suggests that location entity verification might be more sensitive to the quality and
diversity of reference images, presenting a promising direction for future refinement.

4.3. Fine-Grained Entity-Type Analysis

To further dissect EACFN'’s performance, we conduct a more detailed analysis across different
entity types: Person (PER), Location (LOC), and Event (EVT). This allows us to pinpoint the strengths
of our model for specific consistency verification challenges. Figure 3 provides an aggregated view
of EACFN’s average accuracy and its lead over the best baseline for each entity type across the
TamperedNews-Ent and News400-Ent datasets (using the ‘comp’ strategy where available).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0691.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 January 2026 d0i:10.20944/preprints202601.0691.v1

11 0f19

I EACFN Avg. Accuracy (%)
I EACFN Avg. Lead over Baselines (%) 84.0
81.0
80 - 78.0
2 60 -
(0]
o
©
-t
c
)
£ 40
)
o
20 A
0 .

PER LoC EVT

Figure 3. Fine-grained entity type analysis: Average Accuracy (%) of EACEN (comp) and its average lead over the
best baseline (comp) across TamperedNews-Ent and News400-Ent datasets.

EACEN consistently demonstrates strong performance across all entity types, exhibiting a sig-
nificant average lead, particularly for Person (PER) and Location (LOC) entities, as shown in Figure
3. For PER entities, EACFN achieves an average accuracy of 81.0%, showing an impressive 4.0%
average lead over the best baseline. This highlights the effectiveness of EACFN’s Entity Alignment &
Relation Reasoning (EARR) module in distinguishing specific individuals across modalities, a task
often complicated by visual ambiguity or varying textual descriptions. The integration of reference
image evidence via RNIFE proves critical here, providing additional cues for identity verification.

For LOC entities, EACFN maintains a substantial average accuracy of 78.0%, with an average
lead of 2.5%. Verifying location consistency often requires understanding spatial relationships and
visual context, which EACFN'’s graph-based reasoning (EARR) excels at. While location verification
can be challenging due to the diverse visual representation of places, the enhanced visual features
from RNIFE help ground textual locations more accurately in the visual domain.

Event (EVT) entities, which typically encompass more complex actions and require a deeper
understanding of contextual relationships, also show strong performance with an average accuracy of
84.0%. Although the average lead over baselines for EVT is slightly smaller (1.0%), this still signifies
EACFN's superior capability in capturing the dynamic nature of events. LVLMs can sometimes infer
event consistency from broader semantic alignment, but EACFN'’s explicit entity-level alignment and
relational reasoning ensure a more robust verification by grounding events in their constituent persons
and locations. The results from Figure 3 suggest that EACFN'’s structured approach to multi-modal
entity fusion and reasoning provides a more reliable framework for fine-grained consistency judgments
across all defined entity types.

4.4. Ablation Study

To thoroughly understand the contribution of each core component within EACFN, we conduct
an ablation study, focusing on the Reference & News Image Feature Enhancement (RNIFE) module
and the Entity Alignment & Relation Reasoning (EARR) module. We evaluate these ablated models
on a representative subset of tasks from the TamperedNews-Ent and News400-Ent datasets.
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The ablation study confirms that both the RNIFE and EARR modules are crucial for EACFN’s
superior performance, contributing significantly to its fine-grained entity consistency verification
capabilities.

e  Effectiveness of Reference & News Image Feature Enhancement (RNIFE): The ‘/EACFN w/o
RNIFE’ variant simulates a scenario where the model does not explicitly fuse reference image
information into news image features, effectively bypassing the enhancement mechanism while
still processing both images (but without targeted cross-attention). Comparing this variant with
the full EACFN model (which inherently uses RNIFE in ‘comp’ mode), we observe a notable
performance drop across all entity types and datasets. For instance, on TamperedNews-Ent, the
PER accuracy decreases from 82.0% to 75.0%, and EVT from 81.0% to 76.0%. This significant
degradation underscores the critical role of the RNIFE module in selectively leveraging relevant
visual evidence from reference images to create a more robust and entity-aware representation of
the news image. The targeted cross-attention mechanism in RNIFE is crucial for disambiguating
entities and confirming consistency by providing external, corroborating visual information.

e  Effectiveness of Entity Alignment & Relation Reasoning (EARR): To evaluate the EARR module,
we introduce ‘EACFN w /o EARR (Simple Fusion)’. In this variant, the Graph Neural Network
(GNN) component of EARR is replaced by a simpler aggregation mechanism, such as direct
concatenation of entity embeddings followed by an MLP for interaction, or a simple attention
mechanism without explicitly modeling graph relationships. As shown in Table 2, removing the
EARR module leads to a consistent decline in performance. For example, on News400-Ent, the
EVT accuracy drops from 87.0% to 83.0%. This demonstrates that the GNN-based EARR module is
indispensable for explicitly modeling complex, multi-modal relationships and interdependencies
between textual and visual entities. Its ability to perform iterative message passing and dynamic
edge weighting through multi-head attention enables a more nuanced understanding of entity
consistency, which simple fusion methods cannot achieve. The GNN's capacity to build a
richer contextual representation for each entity node by considering its multimodal neighbors is
paramount for robust verification.

Table 2. Ablation study results: Accuracy (%) demonstrating the contribution of RNIFE and EARR modules.
All ablations are tested under the ‘comp’ (with reference image) setting where applicable. ‘PER’: Person, ‘LOC":
Location, ‘EVT’: Event.

Model Variant TamperedNews-Ent News400-Ent
PER LOC EVT PER LOC EVT
EACEFN (Full Model) 82.0 81.0 81.0 80.0 75.0 87.0
w /o RNIFE 75.0 77.0 76.0 74.0 71.0 81.0
w /o EARR (Simple Fusion) 79.0 78.0 77.0 76.0 72.0 83.0

4.5. Computational Efficiency

Beyond accuracy, the practical utility of a model in real-world applications often hinges on its
computational efficiency. We evaluate the inference speed and approximate peak memory usage of
EACEN against the baseline LVLMs. This comparison provides insights into the resource requirements
and scalability of our proposed method. Figure 4 summarizes these metrics averaged over 100 samples
from the TamperedNews-Ent dataset.
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Figure 4. Computational Efficiency: Average Inference Time per sample and approximate Peak Memory Usage.
"EACEN (Ours)’ is evaluated in its full configuration (with reference image). LVLMs are evaluated with the ‘comp’
strategy for fair comparison.

As presented in Figure 4, EACFN demonstrates superior computational efficiency compared to
the large zero-shot LVLMs. EACEN achieves an average inference time of 370 ms per sample, which is
significantly faster than InstructBLIP (1250 ms) and LLaVA 1.5 (980 ms). This represents a speedup of
approximately 2.6 to 3.4 times, making EACFN much more suitable for applications requiring rapid
processing, such as real-time fact-checking or large-scale content moderation.

Furthermore, EACFN exhibits substantially lower peak memory usage, requiring only 9.1 GB
compared to 18.2 GB for InstructBLIP and 15.5 GB for LLaVA 1.5. This reduced memory footprint is a
critical advantage, as it allows EACFN to be deployed on hardware with more constrained resources,
broadening its applicability. The efficiency gains stem from EACFN’s modular architecture, which,
while integrating sophisticated mechanisms like GNNs and cross-attention, is specifically optimized
for the task of entity consistency verification rather than general-purpose multi-modal understanding.
The specialized nature of EACFN allows for more targeted computations compared to the expansive
and resource-intensive operations inherent in large, foundational LVLMs.

4.6. Human Evaluation

While quantitative metrics like accuracy are essential, evaluating cross-modal entity consistency,
especially in cases of subtle mismatches, often benefits from qualitative assessment. To further validate
EACFN'’s robustness, particularly in challenging scenarios where LVLMs might struggle, we conducted
a limited human evaluation. We sampled 100 news articles containing subtle entity inconsistencies or
high contextual ambiguity from TamperedNews-Ent and News400-Ent datasets. Three expert human
annotators were asked to independently verify the consistency of PER, LOC, and EVT entities for each
sample. They were also asked to rate their confidence in detecting inconsistencies.

Table 3 summarizes the human evaluation results.
¢ EACFN demonstrates significantly higher "Agreement with Human" (81.0%) compared to In-

structBLIP (68.0%) and LLaVA 1.5 (71.0%). This indicates that EACFN’s judgments align more

closely with human intuition, especially in nuanced cases of consistency where direct visual
comparison might be ambiguous or require deeper contextual understanding.
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e  Remarkably, EACEN also shows a higher "Better than Human" rate (12.0%), suggesting that in
certain complex scenarios, EACEN can identify subtle inconsistencies that even human annotators
might initially overlook or find difficult to confirm. This highlights EACFN’s capability to learn
intricate cross-modal patterns that may escape explicit human coding, potentially serving as a
valuable pre-screening tool.

*  Furthermore, human annotators reported a higher average confidence score (4.1) for EACFN'’s
outputs when they agreed, implying that EACFN provides more definitive and trustworthy
consistency judgments, making it a valuable tool for aiding human fact-checkers in verifying
multimodal news content.

These human evaluation results reinforce the quantitative findings, affirming EACFN'’s superior
capability in fine-grained cross-modal entity consistency verification, particularly in challenging and
ambiguous news contexts.

Table 3. Human Evaluation Results: Agreement with Human Judgment and Perceived Performance on a subset
of 100 challenging samples. The ‘Agreement with Human’ refers to the percentage of samples where the model’s
judgment matched the human consensus. ‘Better than Human’ indicates cases where the model correctly identified
inconsistency that humans initially missed. ‘Confidence (1-5 Scale)’ is the average human-perceived confidence in
the model’s judgment when it agreed with them.

Model Agreement JNlth Better th(;an Human Confidence (1-5 Scale)
Human (%) (%)

InstructBLIP (comp) 68.0 5.0 3.2

LLaVA 1.5 (comp) 71.0 7.0 3.5

EACEFN (Ours) 81.0 12.0 4.1

4.7. Qualitative Error Analysis

While EACFEN generally outperforms baselines, a qualitative examination of its failures provides
valuable insights into current limitations and future improvement avenues. We categorize common
error patterns observed during testing, particularly for challenging samples where EACEN made
incorrect judgments. Table 4 outlines these typical error types.
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Table 4. Qualitative Error Analysis: Common categories of EACFN’s misclassifications and their characteristics.
‘FN": False Negative, ‘FP’: False Positive.

Error Type Classification Description

Model fails to detect minor inconsistencies in
visual details (e.g., slight difference in attire,
background objects not matching textual context)
when the overall scene is similar.
News image contains elements that could be
interpreted in multiple ways, leading the model to
Ambiguous Visual Context ~ FN incorrectly find consistency with text (e.g., a
generic street scene misaligned with a specific
textual location).
Difficulties in capturing the precise timing, agents,
or outcomes of an event. Model might
Complex Event Nuances FP/EN over-generalize an action or miss a crucial detail
(e.g., mistaking a protest for a celebration if visual
cues are subtle).
Multiple similar-looking persons or objects in an
image make it hard for the model to correctly
associate a textual entity with its unique visual
counterpart.
The provided reference image, while intended to
help, contains elements that are misleading or too
generic, leading EACFEN to incorrectly infer
consistency for the news image.
Text describes an entity or event for which there is
no discernible visual representation in the news
image, but the model falsely infers presence or
consistency due to strong textual context.

Subtle Visual Mismatch FN

Entity Overlap/Confusion =~ FN

Reference Image Ambiguity FP

Lack of Visual Evidence FP

One prominent type of error, "Subtle Visual Mismatch", often occurs when inconsistencies are
very minor, such as slight changes in clothing or background elements that human eyes might notice
but that current visual encoders might abstract away. For instance, a news article might state a person
is wearing a red shirt, but the image shows a blue shirt; if the overall person identity and context are
strong, EACFN might still judge it consistent.

"Ambiguous Visual Context" errors arise when visual regions are too generic. A textual mention
of "Eiffel Tower" might be judged consistent with a generic cityscape containing tall structures if the
distinct features of the Eiffel Tower are not clearly visible or emphasized in the news image’s regions.
These cases highlight the challenge of precisely localizing and identifying less prominent entities.

"Complex Event Nuances" are particularly difficult for EACFN. Events are dynamic and often
composed of multiple sub-actions or specific participants. Misinterpreting the exact nature or actors of
an event (e.g., mistaking a general gathering for a specific protest described in text) contributes to errors,
suggesting that the GNN could benefit from even richer temporal or causal reasoning capabilities.

"Entity Overlap/Confusion" primarily affects Person entities when multiple individuals with
similar appearances are present. The model might incorrectly align a textual entity with the wrong
visual region, leading to a false negative if the intended match is inconsistent. Similarly, "Reference
Image Ambiguity" poses a challenge where a less-than-ideal reference image might introduce noise or
lead the model to false positive judgments by reinforcing an incorrect visual interpretation of the news
image.

Finally, "Lack of Visual Evidence" errors occur when text entities have no clear visual counterpart.
For example, if a text mentions "the hidden documents" and there is no visual cue for documents in
the image, the model might still find consistency based on other strong textual-visual alignments, or a
general semantic coherence. Addressing these nuanced failure modes will be a key focus for future
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enhancements, particularly by refining visual feature extraction for minute details and improving
contextual disambiguation in the EARR module.

5. Conclusion

This paper addressed the critical challenge of Cross-modal Entity Consistency (CEC) verifica-
tion in multimodal news, recognizing the limitations of existing zero-shot Large Vision-Language
Models (LVLMs) for fine-grained judgments. We proposed a novel Entity-Aware Cross-Modal Fusion
Network (EACFEN) with a structured architecture, integrating modules for entity extraction, reference-
enhanced visual feature fusion (RNIFE), graph-based entity alignment and relation reasoning (EARR),
and multi-modal consistency judgment. Our comprehensive experiments on three entity-annotated
datasets—TamperedNews-Ent, News400-Ent, and MMG-Ent—demonstrated that EACEN significantly
outperforms state-of-the-art zero-shot LVLMs, especially leveraging its reference image fusion. Ab-
lation studies confirmed the critical contributions of RNIFE and EARR. Beyond superior accuracy,
EACEN also offers computational efficiency and higher agreement with human judgments. Future
work will focus on enhancing visual detail detection, exploring advanced graph-based reasoning, and
adaptive strategies for varied reference image qualities to further combat sophisticated multimodal
misinformation.
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