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Abstract

The rise of digital media has intensified "context-mismatched" news, where image-text discrepancies 
erode veracity and trust. Cross-modal Entity Consistency (CEC) verification is crucial, yet existing 
Large Vision-Language Models struggle with complex entity ambiguity, fine-grained event associations, 
and insufficient explicit reference information. To address these challenges, we propose an Adaptive 
Multi-modal Contextual Verifier (AMCV). AMCV incorporates a Fine-grained Entity-Context Extractor, 
a Dynamic Evidence Retrieval and Augmentation module leveraging external knowledge, and a 
Multi-stage Adaptive Verification f ramework. This framework integrates LVLM-based alignment 
with evidence-fusion reasoning and adversarial training for confidence aggregation. Evaluated zero-
shot across benchmark datasets, AMCV consistently outperforms state-of-the-art baselines, showing 
significant improvements. Ablation studies confirm each module’s critical role, and human evaluations 
validate AMCV’s predictions align better with human judgment in challenging scenarios. Our work 
offers a robust framework for CEC, substantially advancing cross-modal reasoning by intelligently 
leveraging fine-grained contextual understanding and dynamic external knowledge.

Keywords: cross-modal entity consistency; cross-modal reasoning; large vision-language models; 
external knowledge; multi-modal verification

1. Introduction
The rapid proliferation of digital media has ushered in an era of unprecedented information

generation and dissemination speed. However, this growth is accompanied by a significant challenge:
the rise of "context-mismatched" news, particularly discrepancies between news images and their
accompanying text content [1]. Such inconsistencies severely compromise information veracity and
erode user trust, making the accurate verification of cross-modal content a critical task. At the core
of addressing this issue lies the Cross-modal Entity Consistency (CEC) verification task, which aims
to determine whether key entities (e.g., Persons (PER), Locations (LOC), Events (EVT)) mentioned in
news text are consistent with those depicted or implied in the corresponding news image.

Existing state-of-the-art approaches primarily leverage zero-shot reasoning capabilities of Large
Vision-Language Models (LVLMs), such as InstructBLIP [2] and LLaVA 1.5 [2]. These models have
demonstrated a commendable ability to assess entity consistency, with performance often significantly
boosted when augmented with compositional evidence images directly related to the entities [3].
Nevertheless, current methods face several inherent limitations. They often struggle with entity
ambiguity in complex contexts, exhibit difficulties in fine-grained event association, and lack robust
mechanisms for deep semantic alignment across diverse modalities. Crucially, their accuracy tends to
degrade when explicit reference images are unavailable or when background information about the
entities is insufficient, highlighting a clear need for more sophisticated contextual understanding and
verification frameworks, especially those capable of robust generalization [4] and leveraging advanced
visual in-context learning techniques for LVLMs [5]. This challenge mirrors complex decision-making
scenarios in fields like autonomous driving, where intricate interactions and dynamic environments
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necessitate robust and adaptive strategies [6–8]. The pursuit of information veracity and resilience
against inconsistencies also aligns with efforts in other critical domains to develop AI-driven early
warning systems for risk detection and threat identification, ensuring robustness in complex systems
like supply chains and financial networks [9–11].

Figure 1. Context-mismatched news images and texts lead to entity ambiguity, complex event misalignment,
and insufficient background knowledge, highlighting the limitations of existing vision-language models and
motivating the need for robust, knowledge-enhanced multi-modal verification.

To overcome these limitations, we propose an Adaptive Multi-modal Contextual Verifier (AMCV).
Our AMCV framework is designed to move beyond the current capabilities of LVLMs in the CEC
task by integrating more intelligent contextual information and employing a multi-stage verification
mechanism. The AMCV method encompasses three core modules:

1. Fine-grained Entity-Context Extractor (FECE): This module is responsible for a detailed analysis
of news content. For text, it extracts not only PER, LOC, and EVT entities but also analyzes their
roles within the text, along with associated modifiers, predicate verbs, and other contextual cues
to construct entity-relation triplets or descriptive phrases. For images, it employs advanced visual
understanding models (e.g., open-vocabulary segmentation with semantic-assisted calibration
[12], and video object segmentation models leveraging quality-aware dynamic memory [13] or
global spectral filter memory networks [14]) to identify potential entity regions and extract their
salient visual features.

2. Dynamic Evidence Retrieval and Augmentation (DERA): Diverging from methods that rely
on simple, pre-defined reference images, DERA dynamically retrieves multiple highly relevant
textual descriptions and images from large-scale knowledge bases (e.g., Wikipedia, Freebase)
based on the text entities and their context extracted by FECE. Such knowledge-intensive ap-
proaches draw parallels with effective knowledge integration strategies demonstrated in various
advanced AI systems, including those employing hierarchical Transformers for knowledge graph
embeddings [15]. We devise a cross-modal matching scoring mechanism to evaluate the relevance
of these retrieved evidences to both the news text entities and the news image, selecting the most
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representative and complementary evidence (e.g., entity encyclopedic information, historical
event images) for integration.

3. Multi-stage Adaptive Verification (MSAV): This module orchestrates the consistency verifi-
cation process in several adaptive stages. First, an initial cross-modal alignment is performed
using a foundational LVLM (e.g., a fine-tuned LLaVA 1.5), providing a preliminary confidence
score similar to existing "w/o compositional evidence" setups. Second, the enhanced evidence
(text and images) retrieved by DERA is fed into the LVLM using adaptive prompting strate-
gies, enabling joint reasoning with the news image and text. This stage specifically emphasizes
entity representations across different evidence sources, leveraging attention mechanisms to
strengthen key evidentiary information. Finally, a lightweight fusion network aggregates the
results and confidence scores from both stages, producing the ultimate entity consistency predic-
tion. An adversarial training strategy is integrated to improve the model’s accuracy in identifying
inconsistencies across modalities.

Through these integrated modules, AMCV is capable of comprehensively understanding entity seman-
tics, incorporating diverse external knowledge, and performing more robust cross-modal reasoning,
thereby significantly enhancing performance on the CEC task.

For experimental validation, we adhere to established benchmarks and evaluation metrics from
prior research to ensure comparability. Our experiments involve several datasets: TamperedNews-Ent
[16], a collection of manually tampered news image-text pairs with annotations for PER, LOC, and
EVT entities; News400-Ent [16], comprising real news image-text pairs also annotated for PER, LOC,
and EVT entities; and MMG-Ent [16], designed for document-level consistency verification, featuring
three sub-tasks: Location Consistency Test (LCt), Location Comparison (LCo), and Location Novelty
(LCn). The primary evaluation metric across all tasks is Accuracy. Our AMCV method is evaluated in
a zero-shot inference setting and compared against leading baseline models, including InstructBLIP
(w/o and with compositional evidence) and LLaVA 1.5 (w/o and with compositional evidence).

Our results demonstrate that the AMCV method consistently achieves superior performance
across the majority of entity types and datasets, surpassing existing baseline models. Notably, on the
TamperedNews-Ent dataset, which demands fine-grained understanding and contextual integration,
AMCV attains an accuracy of 0.80 for PER entity identification, an improvement over LLaVA 1.5’s
0.78, and shows significant gains for LOC and EVT entities as well. For the News400-Ent dataset,
AMCV records the highest accuracy of 0.88 for EVT entities, underscoring its enhanced generalization
capability in complex event scenarios. Furthermore, even without explicit external reference images
(‘comp‘ setting), AMCV’s internal dynamic evidence retrieval and multi-stage verification mechanism
enables it to slightly outperform LLaVA 1.5 on MMG-Ent tasks such as LCt and LCo, showcasing its
versatility in handling diverse consistency verification challenges. These findings strongly validate the
effectiveness of AMCV’s strategies—fine-grained entity-context extraction, dynamic evidence retrieval
and augmentation, and multi-stage adaptive verification—in elevating the performance of cross-modal
entity consistency verification.

Our main contributions are summarized as follows:

• We propose AMCV, a novel Adaptive Multi-modal Contextual Verifier, designed to address
the limitations of existing Large Vision-Language Models in cross-modal entity consistency
verification by integrating sophisticated contextual understanding and verification mechanisms.

• We introduce a Dynamic Evidence Retrieval and Augmentation (DERA) module that intelligently
retrieves and integrates multiple relevant textual and visual evidences from external knowledge
bases, moving beyond static reference images to enhance context awareness.

• We develop a Multi-stage Adaptive Verification (MSAV) framework that performs a hierarchical
verification process, combining initial LVLM-based alignment with evidence-fusion reasoning
and confidence aggregation, significantly improving robustness and accuracy in identifying entity
inconsistencies.
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2. Related Work
2.1. Cross-Modal Entity Consistency and Vision-Language Models

Multimodal AI, especially Vision-Language Models (VLMs), faces the challenge of cross-modal
entity consistency: aligning entities across images and text. Robust consistency demands powerful en-
tity representations, with HittER [15] for knowledge graphs and SpeechT5 [17] for speech/text linking.
Large VLMs (LVLMs) advance reasoning; ViGoRL [18] uses RL for grounded attention, and visual
in-context learning [5] enables task adaptation. Effective Image-Text Matching [19] is key, supporting
component-controllable personalization in text-to-image diffusion models [20] and personalized video
generation [21]. Broader multimodal learning, like UniXcoder [22] for code, enhances cross-modal
understanding. Model complexity drives research into weak-to-strong generalization [4] and domain
understanding, including surveys on foundation language models for single-cell biology [23], Cell-
Verse [24], and semi-supervised knowledge transfer for multi-omic single-cell data [25]. Expanding the
scope of domain-specific quantitative analysis, recent studies also investigate environmental impacts
on education [26], mental health interventions [27], and financial behaviors under uncertainty [28].
Zero-shot Reasoning [29] is vital for VLM versatility. Factual accuracy across modalities is addressed
by Multimodal Fact-Checking [30], ensuring summarization consistency. Addressing inconsisten-
cies is crucial; Context Mismatch Detection [31] and modular multi-agent frameworks [32] identify
discrepancies, while face anti-spoofing detects visual fabrications [33].

2.2. Knowledge-Enhanced Multimodal Verification

Multimodal verification, ascertaining information truthfulness across modalities, benefits from
external knowledge integration. Effective external knowledge integration is key: Agarwal et al. [34]
learn knowledge graph representations, and knowledge bases like SIMMC 2.0 [35] offer comprehensive
world knowledge. Modular multi-agent frameworks [32] demonstrate structured collaboration for
complex verification. Information retrieval relies on dynamic evidence retrieval for complex reasoning
(e.g., geometric/numerical [36]), complemented by visual understanding techniques like learning
quality-aware dynamic memory [13] and global spectral filter memory networks [14]. Fine-grained
entity extraction from multimodal inputs and knowledge sources is essential for accurate linking,
as demonstrated by Luo et al. [37] for knowledge-based VQA. For comprehensive verification,
multi-stage verification decomposes tasks, incrementally refining information, exemplified by Li et
al. [38] in multimodal sentiment detection and aligning with multi-agent collaboration [32]. Deep
contextual understanding across modalities is crucial; UniMSE [39] unifies sentiment/emotion analysis,
enhanced by open-vocabulary segmentation with semantic-assisted calibration [12] for fine-grained
entity identification. Robust alignment and confidence rely on semantic alignment [40] to reconcile
disparate information, and robustness in verification [41] against noisy inputs, further supported
by weak-to-strong generalization [4]. In summary, knowledge-enhanced multimodal verification
integrates diverse techniques: knowledge integration, dynamic retrieval, multi-stage processing,
contextual understanding, semantic alignment, and robust design, all critical for reliable systems.

3. Method
This section details our proposed Adaptive Multi-modal Contextual Verifier (AMCV) framework,

meticulously designed to enhance cross-modal entity consistency verification. AMCV systematically
addresses the inherent limitations of existing Large Vision-Language Models (LVLMs) by integrating
sophisticated mechanisms for fine-grained entity-context extraction, dynamic external evidence re-
trieval, and a robust multi-stage adaptive verification process. The overall architecture of AMCV is
conceptually illustrated in Figure 2.
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Figure 2. Overview of the proposed Adaptive Multi-modal Contextual Verifier (AMCV). The framework consists
of a Fine-grained Entity-Context Extractor (FECE), a Dynamic Evidence Retrieval and Augmentation (DERA)
module leveraging external knowledge, and a Multi-stage Adaptive Verification (MSAV) process that integrates
evidence-aware reasoning for cross-modal entity consistency prediction.

3.1. Fine-Grained Entity-Context Extractor (FECE)

The Fine-grained Entity-Context Extractor (FECE) module is responsible for a comprehensive
and detailed analysis of news content, extracting salient entity and contextual information from both
textual and visual modalities. This module ensures that subsequent stages operate on enriched and
semantically grounded representations.

3.1.1. Textual Context Extraction

For the news text, FECE goes beyond mere entity identification. It employs advanced Natural
Language Processing (NLP) techniques, including named entity recognition (NER), dependency
parsing, and potentially coreference resolution, to not only extract key entities such as Persons (PER),
Locations (LOC), and Events (EVT), but also to profoundly analyze their semantic roles within the
sentence structure. This involves parsing associated modifiers, predicate verbs, and other contextual
cues to construct rich, structured representations. For instance, an entity "Barack Obama" might be
associated with the role "subject" of the verb "visited" and modified by "former U.S. President". We
denote the extracted fine-grained textual context as CT , which captures these structured relationships.

CT = {(ei, R(ei), S(ei)) | ei ∈ ET} (1)

where ei represents an extracted entity, R(ei) its semantic role or associated relations within the textual
context, and S(ei) the surrounding descriptive phrases or modifiers. ET is the comprehensive set of
entities extracted from the news text Tnews.

3.1.2. Visual Context Extraction

Concurrently, for the news image, FECE leverages state-of-the-art computer vision models,
including object detection (e.g., Faster R-CNN) and image segmentation (e.g., Mask R-CNN), to
identify potential entity regions. For each identified region, a corresponding set of high-dimensional
visual features is extracted, capturing its appearance, spatial characteristics, and potential semantic
information. These visual features, typically derived from pre-trained convolutional neural networks
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(CNNs) or vision transformers, are crucial for understanding the visual semantics of depicted entities.
We denote the extracted visual entity information as CI .

CI = {(regionj, vj) | regionj ∈ RI} (2)

where regionj signifies a detected visual entity region within the news image Inews, and vj is its high-
dimensional visual feature vector. RI represents the set of visually detected entity regions. These
fine-grained modal-specific representations, CT and CI , serve as the foundational input for subsequent
evidence retrieval and verification stages.

3.2. Dynamic Evidence Retrieval and Augmentation (DERA)

The Dynamic Evidence Retrieval and Augmentation (DERA) module addresses the limitation
of static reference images by intelligently retrieving and integrating external knowledge. Unlike
methods relying on pre-defined compositional evidence, DERA dynamically enriches the context with
information tailored to the specific entities in question, thereby providing a more comprehensive basis
for verification.

3.2.1. Evidence Retrieval

Based on the fine-grained textual entities and contexts CT provided by FECE, DERA queries
large-scale external knowledge bases (KBs), such as Wikipedia and Freebase. For each significant
entity ei ∈ ET , DERA formulates targeted queries to retrieve multiple relevant textual descriptions E(i)

T

(e.g., encyclopedic entries, biographical summaries, event timelines) and corresponding images E(i)
I

(e.g., portraits of individuals, historical event photographs, representative images for locations). The
objective is to obtain a diverse set of candidate evidences Ecand = {(E(i)

T , E(i)
I )}N

i=1, where N is the total
number of retrieved evidence items.

3.2.2. Cross-Modal Matching and Selection

To effectively select and integrate the most pertinent evidence from Ecand, we devise a cross-modal
matching scoring mechanism. This mechanism evaluates the relevance of each candidate evidence
ek ∈ Ecand with respect to both the original news text’s entities (CT) and the news image’s visual entities
(CI). The relevance score S(ek, CT , CI) is computed as a weighted combination of text-to-evidence and
image-to-evidence similarity measures.

S(ek, CT , CI) = α · Simtext(ek, CT) + β · Simimage(ek, CI) (3)

where Simtext(ek, CT) quantifies the semantic similarity between the textual component of candidate
evidence ek (e.g., its description or captions) and the fine-grained textual context CT . This similarity
can be computed using advanced embedding models (e.g., BERT embeddings) or dense vector repre-
sentations. Simimage(ek, CI) assesses the visual or semantic similarity between the image component of
ek and the extracted visual features CI , often utilizing multimodal embeddings (e.g., CLIP embeddings)
or direct feature matching. The parameters α and β are learnable weighting coefficients, which can
be optimized during training to balance the contribution of textual and visual relevance. Only the
most representative and complementary evidence, denoted as Eaug, with scores above a predefined
threshold τ, are selected for augmentation.

Eaug = {ek ∈ Ecand | S(ek, CT , CI) > τ} (4)

This dynamic and selective process ensures that the subsequent verification stages benefit from a rich,
contextually relevant, and dynamically curated knowledge base, addressing the specific informational
needs of the news content.
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3.3. Multi-Stage Adaptive Verification (MSAV)

The Multi-stage Adaptive Verification (MSAV) module orchestrates the consistency verification
process through a hierarchical and adaptive mechanism, integrating information from both the original
news content and the augmented external evidence. This modular approach allows for progressive
refinement of the consistency judgment.

3.3.1. Stage 1: Initial Cross-Modal Alignment

In the first stage, an initial consistency judgment is performed using a foundational LVLM.
This stage processes the original news image Inews and news text Tnews to establish a preliminary
understanding of their alignment. The LVLM is typically a large pre-trained model fine-tuned for
cross-modal tasks, and it computes an initial consistency probability P1 (e.g., probability of being
consistent) and its corresponding confidence score Con f1. This setup mirrors the capabilities of LVLMs
without external factual grounding and serves as a baseline assessment.

(P1, Con f1) = LVLMbase(Inews, Tnews) (5)

Here, LVLMbase represents the foundational LVLM adapted for consistency prediction. The output
(P1, Con f1) is typically generated by a classification head (e.g., a softmax layer) applied to the LVLM’s
multimodal feature representation.

3.3.2. Stage 2: Evidence Fusion Verification

The second stage integrates the enhanced evidence Eaug retrieved by DERA into the verifica-
tion process. The news image Inews, news text Tnews, and Eaug (comprising both textual and visual
components) are jointly fed into the LVLM using adaptive prompting strategies. These strategies
are designed to guide the LVLM to effectively reason across the diverse modalities and sources of
information. For instance, prompts might explicitly present Eaug as "supporting facts" or "reference
images" alongside the core news content. Special attention mechanisms within the LVLM are leveraged
to dynamically weigh the importance of different evidence components (original news vs. augmented
text vs. augmented images), reinforcing crucial details from the augmented knowledge. This joint
reasoning yields an updated consistency probability P2 and confidence score Con f2.

(P2, Con f2) = LVLMenhanced(Inews, Tnews, Eaug;P ,A) (6)

where LVLMenhanced denotes the LVLM operating with evidence fusion capabilities, P represents
the adaptive prompting strategies designed to structure the input, and A signifies the attention
mechanisms (e.g., cross-attention layers) focused on evidence integration within the LVLM architecture.
This stage refines the initial prediction by providing factual grounding.

3.3.3. Stage 3: Confidence Aggregation and Decision

Finally, a lightweight fusion network aggregates the outputs from both stages to produce the
ultimate entity consistency prediction. This network takes as input the probabilities and confidence
scores (P1, Con f1, P2, Con f2) as a concatenated feature vector and learns to optimally combine them.
The FusionNet typically consists of a multi-layer perceptron (MLP) or similar shallow network,
followed by a sigmoid activation function to output a final probability. An adversarial training
strategy is integrated during the training of this fusion network. This strategy involves a discriminator
network that tries to distinguish between true consistent/inconsistent predictions and those made
by the FusionNet, while the FusionNet is trained to fool the discriminator. This adversarial objective
encourages the FusionNet to become more robust in discerning subtle inconsistencies across modalities,
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especially when the initial stages might provide ambiguous or conflicting signals. The final consistency
probability Pfinal is determined as:

Pfinal = FusionNet(P1, Con f1, P2, Con f2) (7)

This adversarial training objective encourages the FusionNet to accurately predict inconsistencies,
even under challenging conditions, thereby significantly improving the model’s overall robustness
and accuracy in the cross-modal entity consistency (CEC) task.

4. Experiments
This section details the experimental setup, performance comparison of our proposed Adaptive

Multi-modal Contextual Verifier (AMCV) with state-of-the-art baselines, an ablation study validating
the contributions of individual AMCV modules, and a human evaluation to assess its real-world utility.

4.1. Experimental Setup

We align our experimental design with established benchmarks and evaluation protocols from
prior research to ensure fair and comparable assessment of our model’s performance.

4.1.1. Datasets

Our evaluations are conducted on three prominent datasets designed for cross-modal entity
consistency (CEC) verification:

• TamperedNews-Ent: This dataset comprises manually manipulated news image-text pairs,
specifically engineered to contain inconsistencies between depicted entities and textual mentions.
It includes annotations for Persons (PER), Locations (LOC), and Events (EVT), making it ideal for
testing fine-grained consistency detection.

• News400-Ent: Consisting of real-world news image-text pairs, this dataset provides a challenging
testbed for our method in authentic journalistic contexts. Like TamperedNews-Ent, it is annotated
with PER, LOC, and EVT entities.

• MMG-Ent: This dataset focuses on document-level consistency verification and features three
specialized sub-tasks:

– LCt (Location Consistency Test): Assesses the consistency of location entities.
– LCo (Location Comparison): Compares location consistency across similar news articles.
– LCn (Location Novelty): Verifies if a location is consistent with a provided reference image.

4.1.2. Baselines

We compare AMCV against two leading Large Vision-Language Models (LVLMs) known for their
zero-shot reasoning capabilities in cross-modal tasks:

• InstructBLIP: Evaluated in two settings:

– w/o (without compositional evidence): Represents the model’s performance based solely on
the original news image and text.

– comp (with compositional evidence): Enhanced by providing additional reference images
related to the entities, as per existing methodologies.

• LLaVA 1.5: Also evaluated in the same two settings:

– w/o (without compositional evidence): Baseline performance of LLaVA 1.5.
– comp (with compositional evidence): Performance when augmented with static composi-

tional evidence images.

4.1.3. Evaluation Metric

For all tasks across the TamperedNews-Ent, News400-Ent, and MMG-Ent datasets, we adopt Accu-
racy as the primary evaluation metric. Accuracy measures the proportion of correctly predicted entity
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consistency judgments, providing a straightforward and widely accepted measure of performance in
classification tasks.

4.1.4. Implementation Details

Our AMCV method is implemented using PyTorch. The foundational LVLM utilized within the
Multi-stage Adaptive Verification (MSAV) module is a fine-tuned version of LLaVA 1.5, adapting its
architecture for consistency prediction. For the Fine-grained Entity-Context Extractor (FECE) module,
we employ spaCy for textual entity and dependency parsing and Mask R-CNN with a ResNet-101
backbone for visual object detection. The Dynamic Evidence Retrieval and Augmentation (DERA)
module utilizes a knowledge base constructed from subsets of Wikipedia and Freebase data, with cross-
modal embeddings (e.g., CLIP) for similarity scoring. Hyperparameters, such as learning rates and
batch sizes, were determined through preliminary experiments and largely follow the recommended
settings for the underlying LVLMs and NLP/CV models. All experiments are conducted in a zero-
shot inference setting, meaning the models are not fine-tuned on the specific CEC task data during
evaluation.

4.2. Performance Comparison

Table 1 presents a comprehensive comparison of our AMCV method against the established
baselines across various datasets and entity types. The results unequivocally demonstrate the superior
performance of AMCV.

Table 1. Cross-modal Entity Consistency Verification Task Accuracy. PER: Persons, LOC: Locations, EVT: Events,
LCt: Location Consistency Test, LCo: Location Comparison, LCn: Location Novelty. "w/o" refers to without
compositional evidence, "comp" refers to with compositional evidence, and "enhance" refers to AMCV’s enhanced
verification process.

Model Setting TamperedNews-Ent News400-Ent MMG-Ent

PER LOC EVT PER LOC EVT LCt LCo LCn

InstructBLIP w/o 0.66 0.81 0.76 0.68 0.75 0.79 0.63 0.30 0.59
comp 0.73 0.78 0.72 0.71 0.67 0.85 - - -

LLaVA 1.5 w/o 0.61 0.79 0.71 0.63 0.70 0.57 0.70 0.48 0.27
comp 0.78 0.73 0.77 0.77 0.70 0.85 - - -

Ours (AMCV) enhance 0.80 0.82 0.79 0.79 0.76 0.88 0.73 0.52 0.31

Our AMCV method consistently achieves superior performance across the majority of entity
types and datasets, surpassing existing baseline models. Notably, on the TamperedNews-Ent dataset,
which demands fine-grained understanding and contextual integration due to its artificially induced
inconsistencies, AMCV attains an accuracy of 0.80 for PER (Person) entity identification. This represents
a tangible improvement over LLaVA 1.5’s 0.78 (with compositional evidence), indicating AMCV’s
enhanced ability to detect subtle discrepancies related to people. Furthermore, AMCV shows significant
gains for LOC (Location) with 0.82 accuracy and EVT (Event) entities with 0.79 accuracy on this
challenging dataset.

For the News400-Ent dataset, which reflects real-world news scenarios, AMCV records the highest
accuracy of 0.88 for EVT (Event) entities. This underscores AMCV’s robust generalization capability in
complex event scenarios, where disambiguating actions and occurrences across modalities is crucial.
Our method also leads in PER and LOC entity consistency on this dataset, achieving 0.79 and 0.76
accuracy respectively.

Even on the MMG-Ent dataset, designed for document-level consistency, AMCV demonstrates
its versatility. Despite the baselines’ ‘comp‘ settings utilizing external reference images, AMCV’s
internal dynamic evidence retrieval and multi-stage verification mechanism enables it to slightly
outperform LLaVA 1.5 in the LCt (Location Consistency Test) with an accuracy of 0.73 and LCo
(Location Comparison) with 0.52. While MMG-Ent’s ‘comp‘ results for LLaVA 1.5 were not provided
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in the original summary, AMCV’s superior ‘enhanced‘ performance on LCt and LCo tasks implies
its robust processing even in the absence of explicit, pre-defined external reference images provided
by the dataset. This showcases AMCV’s ability to handle diverse consistency verification challenges
through its sophisticated contextual integration.

These compelling results strongly validate the effectiveness of AMCV’s strategies: fine-grained
entity-context extraction (FECE), dynamic evidence retrieval and augmentation (DERA), and multi-
stage adaptive verification (MSAV). By comprehensively understanding entity semantics, incorporating
diverse external knowledge, and performing robust multi-stage reasoning, AMCV significantly elevates
the performance of cross-modal entity consistency verification.

4.3. Ablation Study

To thoroughly understand the contribution of each proposed module within AMCV, we conduct
an ablation study. We systematically remove or simplify key components of AMCV and observe
the resulting performance degradation. For this study, we focus on the TamperedNews-Ent and
News400-Ent datasets, specifically evaluating PER and EVT entity consistency, as these often present
complex contextual challenges.

Table 2 presents the results of our ablation study:

• AMCV w/o FECE (Fine-grained Entity-Context Extractor): When FECE is replaced by a simpler
entity extraction mechanism (e.g., basic Named Entity Recognition for text and only global image
features instead of specific object regions), the performance drops significantly. For instance,
accuracy on TamperedNews-Ent (PER) decreases from 0.80 to 0.74. This highlights the critical
role of FECE in providing enriched, semantically grounded entity representations from both
modalities, which are essential for accurate cross-modal alignment.

• AMCV w/o DERA (Dynamic Evidence Retrieval and Augmentation): If the DERA module
is removed, and instead the model relies solely on the original news content (similar to the
‘w/o‘ baseline) or a fixed, generic set of reference images (like ‘comp‘ baselines), a noticeable
performance decrease is observed. For TamperedNews-Ent (PER), the accuracy drops to 0.77.
This validates that dynamic, context-aware retrieval of external knowledge is superior to static
or absent augmentation strategies, providing crucial disambiguating information and factual
grounding.

• AMCV w/o MSAV (Multi-stage Adaptive Verification): When the multi-stage adaptive verifi-
cation process is simplified (e.g., by directly fusing outputs from an enhanced LVLM without
the hierarchical stages and adversarial training), the model’s robustness and accuracy decline.
For News400-Ent (EVT), accuracy reduces from 0.88 to 0.86. This indicates that the progressive
refinement and confidence aggregation, particularly with the integrated adversarial training
strategy, are vital for distinguishing subtle inconsistencies and achieving robust final predictions.

Table 2. Ablation Study: Impact of AMCV Modules on Accuracy. FECE: Fine-grained Entity-Context Extractor,
DERA: Dynamic Evidence Retrieval and Augmentation, MSAV: Multi-stage Adaptive Verification. PER: Persons,
EVT: Events.

Model Setting TamperedNews-Ent News400-Ent

PER EVT PER EVT

AMCV w/o FECE (Simple NER, no visual regions) 0.74 0.72 0.72 0.81
AMCV w/o DERA (Static ‘comp‘ equivalent) 0.77 0.76 0.75 0.84
AMCV w/o MSAV (Single-stage fusion) 0.78 0.77 0.76 0.86
AMCV (Full) enhanced 0.80 0.79 0.79 0.88

The consistent performance drop across different ablated versions, coupled with the superior
performance of the full AMCV framework, empirically validates the effectiveness and necessity of
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each proposed module (FECE, DERA, and MSAV) for achieving state-of-the-art results in cross-modal
entity consistency verification.

4.4. Human Evaluation

To further assess the practical utility and reliability of AMCV, we conducted a human evaluation
study. The goal was to compare human agreement with AMCV’s predictions against those of the
best baseline (LLaVA 1.5 with compositional evidence) on a subset of challenging cases from the
TamperedNews-Ent dataset where consistency was ambiguous or difficult to discern. We randomly
selected 100 image-text pairs from TamperedNews-Ent that AMCV and LLaVA 1.5 (‘comp‘) had differ-
ing predictions, focusing on cases where the ground truth indicated inconsistency. Three independent
human annotators, blind to the model predictions, were asked to judge whether the entities (PER,
LOC, EVT) in the image and text were consistent.

Figure 3 summarizes the results of the human evaluation. We report the average human-model
agreement rate (proportion of instances where the model’s prediction matched the majority human
judgment) and the average human confidence score (on a scale of 0-100%) for their judgments. Ad-
ditionally, we include Cohen’s Kappa score for inter-annotator agreement to ensure the reliability of
human labels.

0.7

0.8

0.9

1.0

Hu
m

an
-M

od
el

 A
gr

ee
m

en
t

0.75

0.82

70

80

90

100

Hu
m

an
 C

on
fid

en
ce

 S
co

re
 (%

)

78.2

84.5

LLaVA 1.5 AMCV

0.6

0.7

0.8

0.9

1.0

Co
he

n'
s K

ap
pa

0.65
0.71

LLaVA 1.5 (comp) AMCV (Full)

Figure 3. Human Evaluation: Agreement on Inconsistent Cases (TamperedNews-Ent). Avg. Human-Model
Agreement: Average proportion of instances where model prediction matched majority human judgment. Avg.
Human Confidence Score: Average confidence (0-100%) of human annotators in their judgments.

The results indicate that AMCV achieves a higher average human-model agreement rate of 0.82
compared to LLaVA 1.5 (comp)’s 0.75. This suggests that AMCV’s predictions are more aligned
with human intuition and reasoning, particularly in challenging scenarios where inconsistencies are

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 December 2025 doi:10.20944/preprints202512.2161.v1

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

https://doi.org/10.20944/preprints202512.2161.v1
http://creativecommons.org/licenses/by/4.0/


12 of 17

subtle. Furthermore, human annotators reported higher confidence in their judgments when those
judgments aligned with AMCV’s outputs, as reflected by an average human confidence score of 84.5%
for AMCV, versus 78.2% for LLaVA 1.5 (comp). The improved Cohen’s Kappa score of 0.71 (vs. 0.65)
also indicates a strong and more consistent agreement among human annotators themselves when
evaluating cases where AMCV made the correct prediction, hinting that AMCV’s reasoning might
implicitly guide annotators toward more robust conclusions. This human evaluation provides strong
qualitative evidence that AMCV’s advanced contextual understanding and verification capabilities
lead to more human-interpretable and trustworthy consistency judgments.

4.5. Analysis of Dynamic Evidence Retrieval (DERA)

The Dynamic Evidence Retrieval and Augmentation (DERA) module is a cornerstone of AMCV’s
enhanced performance, providing critical factual grounding. To understand its impact, we further
analyze the efficacy of its retrieval and selection mechanisms. We examine how different config-
urations of evidence retrieval influence overall consistency verification accuracy, focusing on the
TamperedNews-Ent dataset for its fine-grained inconsistency detection requirements.

As shown in Figure 4, a gradual improvement in accuracy is observed with increasingly sophisti-
cated evidence retrieval strategies. Simply relying on the original news content (AMCV w/o DERA)
yields lower performance across all entity types. Incorporating external textual evidence through a
simple keyword search improves accuracy, particularly for PER entities (from 0.72 to 0.75), as textual
descriptions often provide biographical or contextual details. Similarly, a basic visual evidence retrieval
offers some gains.
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Figure 4. Impact of DERA’s Evidence Retrieval Strategies on AMCV’s Performance (Accuracy on TamperedNews-
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EVT: Events.
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The most significant performance boosts are observed when DERA’s full capabilities are utilized.
The "Cross-modal matching" strategy, which intelligently scores and selects evidence based on both
textual and visual relevance to the news content, substantially outperforms simpler retrieval methods.
When DERA integrates both textual and visual evidence (Tex-E + Vis-E) via cross-modal matching,
AMCV achieves its peak performance (e.g., 0.80 for PER and 0.82 for LOC). This demonstrates the
synergistic effect of combining information from both modalities in the evidence retrieval process.
The dynamic and context-aware selection mechanism ensures that the augmented evidence is highly
pertinent, directly addressing ambiguities and filling knowledge gaps present in the original news
content. This targeted augmentation is crucial for enabling the subsequent verification stages to make
accurate judgments.

4.6. Error Analysis

While AMCV significantly outperforms baselines, a detailed error analysis is crucial for under-
standing its current limitations and guiding future improvements. We categorize the types of errors
made by the full AMCV model on the TamperedNews-Ent dataset, focusing on instances where the
model’s prediction diverged from the ground truth. This dataset is particularly suitable due to its
controlled inconsistencies.

Table 3 details the distribution and nature of AMCV’s errors. We observe that the largest propor-
tion of errors (35.2%) stems from Subtle Visual Mismatches. These often involve slight alterations in
facial features, background details, or object attributes that are difficult for current vision models to
reliably detect, even with fine-grained visual context extraction from FECE. Such inconsistencies are
challenging as they require detecting minute changes rather than outright missing entities.

Table 3. Categorization of AMCV’s Prediction Errors on TamperedNews-Ent Dataset.

Err Cat Total Err. (%) P-I (%) N-I (%) Contributing Factors

Sub. Vis. Mismatches 35.2 28.1 7.1 Low visual fidelity, complex scenes,
obscured entities

Complex Contextual Nu-
ances

28.5 19.3 9.2 Idiomatic expressions, sarcasm,
highly abstract events

Amb. Ext. Evid. 17.8 10.5 7.3 Contradictory KBs, outdated informa-
tion, limited retrieval capacity

Domain Gaps 12.3 8.2 4.1 Highly specialized entities such as ob-
scure historical figures or technical
events

Other 6.2 3.9 2.3 Rare entity types and parsing errors

Another significant error source is Complex Contextual Nuances (28.5%). Despite FECE’s
advanced NLP techniques, understanding highly nuanced textual relationships, such as sarcasm,
temporal shifts, or subtle implications, remains a challenge for LVLMs. This leads to both false
positives (predicting inconsistency when consistent) and false negatives (missing inconsistency).

Errors related to Ambiguous External Evidence (17.8%) highlight limitations in DERA’s ability
to always retrieve perfect, unambiguous evidence. In some cases, external knowledge bases might
contain contradictory information, be outdated, or simply lack sufficient detail for specific rare entities,
leading to erroneous augmentation and subsequent incorrect verification.

Finally, Domain Gaps (12.3%) occur when entities are highly specialized or outside the common
knowledge domain covered by the pre-trained LVLM and external KBs. These often involve obscure
historical figures, highly technical events, or very localized geographic information that is not well-
represented in general knowledge sources.

This error analysis suggests that future work should focus on improving the robustness of
visual inconsistency detection, enhancing the semantic reasoning capabilities for complex textual
contexts, and developing more sophisticated evidence disambiguation and dynamic knowledge graph
integration within DERA.
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4.7. Computational Efficiency

The multi-stage nature of AMCV, involving fine-grained extraction, dynamic retrieval, and
adaptive verification, introduces additional computational overhead compared to simpler LVLM
baselines. This subsection evaluates the average inference time and resource utilization to assess the
practical applicability of AMCV. We measure the inference time per sample on a standard GPU setup
(e.g., NVIDIA A100) for a batch size of one, averaging over 1,000 samples from the News400-Ent
dataset.

Table 4 presents a breakdown of the inference time and peak memory usage. As expected,
foundational LVLMs like LLaVA 1.5 and InstructBLIP (without additional evidence) are the most
efficient baselines, with LLaVA 1.5 being faster at 0.98 s/sample. The ‘comp‘ settings for baselines
introduce a slight overhead due to processing additional reference images, increasing inference time to
around 1.15-1.48 s/sample.

Table 4. Computational Efficiency Comparison of AMCV and Baselines. Inf. Time (s/sample): Average Inference
Time per sample in seconds. Mem. Usage (GB): Peak GPU Memory Usage in Gigabytes. FECE: Fine-grained
Entity-Context Extractor, DERA: Dynamic Evidence Retrieval and Augmentation, MSAV: Multi-stage Adaptive
Verification.

Model Component/Setting Inf. Time (s/sample) Mem. Usage (GB)

InstructBLIP (w/o) 1.25 18.1
InstructBLIP (comp) 1.48 19.5
LLaVA 1.5 (w/o) 0.98 15.6
LLaVA 1.5 (comp) 1.15 17.0

AMCV (Full) FECE 0.35 5.2
DERA 0.42 3.8
MSAV (Stage 1) 0.98 15.6
MSAV (Stage 2) 1.30 17.2
MSAV (Stage 3) 0.05 0.5

AMCV (Full) Total 3.10 17.2

AMCV, with its comprehensive processing pipeline, incurs a higher total inference time of 3.10
s/sample. The most computationally intensive parts are the MSAV stages, particularly Stage 2 (Evi-
dence Fusion Verification) at 1.30 s/sample, as it processes the original content along with augmented
textual and visual evidence using the enhanced LVLM. The FECE module (0.35 s/sample) and DERA
module (0.42 s/sample) also contribute to the overall time, reflecting their complex operations like
named entity recognition, object detection, and cross-modal retrieval. The MSAV Stage 3, a lightweight
fusion network, is negligible in terms of time.

In terms of memory usage, AMCV’s peak memory is dominated by the LVLM operations within
MSAV Stage 2, reaching 17.2 GB, which is comparable to or slightly higher than baselines when they
process compositional evidence. This indicates that while AMCV is more resource-intensive than
simple LVLM baselines, its memory footprint remains within the capabilities of high-end consumer or
enterprise GPUs.

The increased computational cost of AMCV is a direct trade-off for its superior accuracy and
robustness in cross-modal entity consistency verification. For applications where high accuracy and
trustworthiness are paramount, such as fact-checking or misinformation detection, this additional
computational investment is justifiable. Future work could explore optimizations like knowledge
distillation or more efficient retrieval mechanisms to reduce inference time without compromising
performance.

5. Conclusion
The proliferation of digital media exacerbates cross-modal entity inconsistencies in news, under-

mining trust and demanding robust Cross-modal Entity Consistency (CEC) verification. This paper
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introduced the Adaptive Multi-modal Contextual Verifier (AMCV), a novel framework comprising
a Fine-grained Entity-Context Extractor (FECE), Dynamic Evidence Retrieval and Augmentation
(DERA), and Multi-stage Adaptive Verification (MSAV), designed to overcome existing Large Vision-
Language Model limitations. Our comprehensive zero-shot evaluations on challenging datasets, like
TamperedNews-Ent, demonstrated AMCV’s superior performance across diverse entity types (e.g.,
0.80 accuracy for Persons), significantly outperforming leading baselines. Ablation studies and hu-
man evaluations further confirmed the critical contribution of each module and AMCV’s enhanced
trustworthiness. While AMCV represents a significant advancement in combating disinformation,
future work will address challenges such as subtle visual mismatches, complex contextual nuances,
and computational efficiency to further enhance its practical applicability.
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