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Abstract

The rapid spread of multimodal misinforma-
tion on online platforms poses significant chal-
lenges to automated fact verification, as tex-
tual claims are often tightly coupled with po-
tentially misleading visual content. Existing
multimodal fact verification approaches pri-
marily rely on supervised, small-scale mod-
els, which exhibit limited reasoning ability
and poor generalization in real-world scenar-
ios. Although large vision—language mod-
els (LVLMs) demonstrate strong cross-modal
understanding, they are not inherently opti-
mized for fine-grained verification tasks and
often produce unstable judgments when di-
rectly prompted. We propose Hierarchical
Prompting Interpretable Multimodal Fact Ver-
ification (HPIM), an interpretable multimodal
fact verification framework built on a hierarchi-
cal prompting strategy. The proposed method
guides a large vision-language model through
a coarse-to-fine reasoning process. This is
achieved by first prompting a macro-level anal-
ysis of claims and evidence, followed by a
micro-level, explanation-oriented analysis that
leverages structured factual elements. Subse-
quently, the method fuses textual, visual, and
analytical representations to predict veracity.
This final prediction is then fed back into the
model, enabling it to generate explanations
grounded in the evidence. Experiments on a
public benchmark demonstrate strong verifica-
tion performance and improved interpretabil-
ity. Code is available at: https://anonymous.
4open.science/r/HPIM-74D9.

1 Introduction

The rapid expansion of online media ecosystems
has substantially accelerated the dissemination of
information, while simultaneously facilitating the
large-scale spread of multimodal misinformation
that intertwines textual claims with visual content.
Such content often presents claims in a persua-
sive yet deceptive manner, making it difficult for

users to assess their authenticity. The unchecked
propagation of multimodal misinformation can dis-
tort public understanding, intensify social tensions,
and undermine trust in authoritative information
sources, thereby highlighting the pressing need for
robust automated multimodal fact verification sys-
tems.

Fact verification aims to assess the veracity of a
claim by systematically examining its consistency
with reliable evidences. In today’s online environ-
ment, evidence is increasingly multimodal. Images
are not just illustrations but integral components
that can either corroborate or contradict the text.
Existing approaches for multimodal fact verifica-
tion largely rely on supervised, small-scale mul-
timodal language models (Hu et al., 2022; Wang
et al., 2024a; Mu et al., 2024). While these mod-
els demonstrate promising performance under con-
trolled or in-distribution settings, they often exhibit
limited effectiveness in real-world fact-checking
scenarios. This limitation stems from restricted
knowledge coverage, insufficient reasoning capa-
bilities, and weak generalization to novel events,
entities, or domains.

Recent advances in LVLMs have introduced new
opportunities for multimodal fact verification. Ow-
ing to pretraining on large-scale multimodal cor-
pora, LVLMs possess strong cross-modal align-
ment and reasoning abilities, enabling them to
jointly interpret textual claims and visual evidence
(Xu et al., 2024; Zhao et al., 2023). However,
despite their general-purpose strengths, LVLMs
are not inherently tailored for fine-grained ver-
ification tasks that require precise judgment of
claim—evidence relationships (Nan et al., 2024).
Directly prompting LVLMs to determine news au-
thenticity often results in unstable predictions and
limited interpretability, which constrains their prac-
tical adoption in fact-checking pipelines.

Motivated by the structured manner in which
human fact-checkers progressively analyze
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news—from high-level event plausibility to
fine-grained evidence inspection—we propose
HPIM, a practical and interpretable framework for
multimodal fact verification. At the core of HPIM
is a hierarchical prompting structure that explicitly
decomposes the verification process into multiple
reasoning stages and guides LVLM through coarse-
to-fine analysis. The framework first applies a
macro-level prompt to elicit a global assessment
of the claim, focusing on essential event elements
such as entities, events, locations, and temporal
information. These extracted elements are then
incorporated into micro-level prompts that direct
the LVLM to examine detailed claim—image con-
sistency, enabling targeted cross-modal reasoning
grounded in specific factual components. The
resulting hierarchical analyses, together with the
original claim and visual evidence, are integrated
into a lightweight multimodal verification module.
This module employs an attention-based fusion
mechanism to model fine-grained interactions
across modalities and produce a final veracity
prediction. To enhance transparency and trust, the
predicted label is subsequently fed back into the
LVLM through an explanation-oriented prompt,
generating an evidence-grounded, human-readable
rationale that explicitly reflects the hierarchical
reasoning process.

Our contributions are summarized as follows:

* We propose HPIM, a multimodal fact verifi-
cation framework that utilizes a hierarchical
prompting structure to conduct a multi-level
analysis, examining information from both
macro and micro perspectives to improve ver-
ification accuracy.

* We employ structured news element extrac-
tion to isolate key entities from the text, en-
abling a fine-grained alignment of these enti-
ties with visual evidence for enhanced verifi-
cation accuracy and evidence-based explain-
ability.

* Experiments on public benchmark datasets
demonstrate that HPIM achieves strong perfor-
mance and provides more informative, human-
readable rationales for multimodal fact verifi-
cation.

2 Related Work

2.1 Multimodal Fact Verification

Existing approaches to multimodal fact verification
are largely derived from supervised multimodal

fake news detection frameworks, which focus on
learning joint representations of textual claims
and visual evidence to support veracity classifi-
cation (Liu et al., 2023b; Chen et al., 2023). These
methods typically rely on pretrained unimodal en-
coders—such as Vision Transformer (ViT) for im-
ages (Dosovitskiy, 2020) and RoBERTa for text
(Liu et al., 2019)—to extract modality-specific fea-
tures, which are subsequently combined through
manually designed fusion mechanisms to produce a
final verification decision (Zhou et al., 2020; Zhang
etal., 2021). Recent studies have shifted their focus
to modeling semantic consistency across modalities
for finer-grained fact verification. Representative
works, such as CAFE (Chen et al., 2022) and FND-
CLIP (Zhou et al., 2023), enhance the precision of
identifying image-text mismatches by quantifying
semantic ambiguity or using element-level seman-
tic alignment. Additionally, some approaches use
Graph Neural Networks (GNN5s) to integrate exter-
nal knowledge (Hu et al., 2021; Wang et al., 2020).

Despite their performance gains, these methods
struggle with modeling entity-level modality align-
ment and representing subject-object interactions,
which hinders fine-grained reasoning. To address
this, we propose an LVLM-based framework that
uses structured news element extraction to align
key textual entities with visual evidence. This ap-
proach enhances the model’s capacity to identify
subtle inconsistencies in news reports.

2.2 Large Vision-Language Models

Recent advancements in LVLM, such as LLaVA
(Liu et al., 2023a) and Mini-GPT4 (Zhu et al.,
2024), have showcased their potential in multi-
modal tasks (Chiang et al., 2023; Touvron et al.,
2023; Wang et al., 2024b). A typical LVLM archi-
tecture consists of an image encoder, a projector,
and a Large Language Model (LLM). The projector
converts visual features into visual prompt embed-
dings, which are combined with text prompts and
fed into the LLM. This architecture has spurred
interest in applying the reasoning capabilities of
LVLMs to fake news detection (Tahmasebi et al.,
2024; Zheng et al., 2025).

However, standard LVLMs are often less accu-
rate for this purpose than smaller, specialized mod-
els because they lack the detailed focus required
for fact verification. To solve this, researchers have
tried various strategies, such as adding forgery-
specific knowledge (Liu et al., 2024) or breaking
the task into smaller sub-tasks (Wan et al., 2024).



Despite progress, current LVLM-based methods
for fact verification remain less accurate and ro-
bust than specialized models. They often overlook
the power of prompts, failing to create fine-grained
prompt embeddings that guide the LLM to spot crit-
ical cross-modal inconsistencies and entity-level
details. This significantly limits their effectiveness.
To address this, We propose a novel framework
for creating fine-grained prompt embeddings that
empower an LLM to identify critical cross-modal
inconsistencies and entity-level details.

3 Proposed Method

In this section, we introduce HPIM, a multimodal
fact verification framework centered on a hierar-
chical prompting structure that explicitly decom-
poses the verification process into multiple rea-
soning stages and guides LVLM through struc-
tured, coarse-to-fine analysis. As illustrated in
Figure 1, HPIM operates through three sequential
stages. First, it uses hierarchical prompts to guide
a vision-language model through macro and mi-
cro analyses of claim-image consistency. Then an
attention-based fusion mechanism is employed to
model fine-grained interactions across modalities
and produce a final veracity prediction. Finally,
the predicted label is subsequently fed back into
the LVLM through an explanation-oriented prompt,
generating an evidence-grounded, human-readable
rationale that explicitly reflects the hierarchical rea-
soning process.

3.1 LVLM Analysis Module

This module is designed to conduct a preliminary
analysis of news reports and their associated evi-
dence. First, the elemental components of a news
claim are extracted. Subsequently, a manually con-
structed prompt for macro-level analysis is pro-
vided to the vision-language model, enabling the
model to generate an initial analytical summary
of the news content.Finally, CLIP (Radford et al.,
2021), together with learnable prompts, is em-
ployed for a micro-level consistency examination
of the multimodal information.

3.1.1 Extraction of News Elements

Extracting key news elements—such as event time,
location, subjects, and objects—is a critical first
step that directly enhances both detection accu-
racy and interpretability. Rather than performing
a coarse comparison between raw text and an im-
age, this structured extraction enables fine-grained,

cross-modal verification; for instance, the model
can explicitly check if a person mentioned in the
text is visually present in the image. This process
allows the model to move beyond simple narra-
tive plausibility and assess the logical and factual
consistency between textual claims and visual evi-
dence. Ultimately, these extracted elements serve
as the essential building blocks for both the sub-
sequent attention fusion module to make a precise
authenticity judgment and for the final explanation
module to generate concrete, human-interpretable
rationales.

Accordingly, this study employs the Stanford
NLP toolkit (Manning et al., 2014) for Named En-
tity Recognition (NER) to automatically extract key
information (such as time, location, subject, object,
and causal structures) from news texts, thereby
establishing a basis for analyses of logical consis-
tency and truthfulness. For a given claim C, NER
is applied to obtain a list of entities, expressed as:

Cl = NER(C)

D)
= [C¥P°,Ci™ | i=0,1... (

where C denotes the entity list of C, NER (%)
represents the named entity recognition operation.
C¥P® and Ct**t denote the entity type and entity
text of the ¢-th entity in C, respectively.

3.1.2 Macro-Level Analysis with a Guiding
Prompt

The initial stage involves a macro-level analysis
of the news content. To achieve this, we employ
prompt engineering to construct a comprehensive
input for the LVLM. This input is formatted as
follows:

input = Format(C,CL, By, Ep, P) (2

Here, Eyv and Ep are the associated visual and
textual evidence, respectively. P is a manually
designed prompt template that directs the LVLM
to perform a broad, initial analysis of these core
components. The Format(*) function organizes
these elements into a coherent input, and the LVLM
processes this to generate a preliminary analytical
summary, denoted as A. The discussion and details
regarding the prompts are presented in the appendix
A.l.

3.1.3 Micro-Level Encoding with Learnable
Prompts

Following the macro-analysis, we proceed to a
micro-level encoding of the multimodal informa-
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While the claim has central subjects (Jerry Brown, his veto in 2016) and an alleged cause-effect
relationship, there is a lack of details drawing connections between the vetoed bill and the 2016 enduring
wildfires. Specific evidence referring to 'News' reports is not further elaborated or cited, leaving the
credibility of these reports unverified. Insufficient details, such as the exact content of the vetoed bill or

NEI Explaination the sources of the wildfires, prevent a conclusive determination of the truthfulness of the claim.
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Figure 1: A schematic overview of HPIM. For each news claim and its corresponding evidence (both image and
text), HPIM processes the input in three stages: (a) It extracts key news elements and analyzes them using LVLM
to produce an analytical summary. (b) It encodes the textual and visual content with CLIP, and then applies an
attention-based fusion mechanism to integrate multimodal features and generate a prediction of the news item’s
veracity. (c) It employs LVLM once more to provide a coherent and justified explanation for the veracity assessment.

tion using CLIP (Radford et al., 2021), which
is known for its rich semantic embedding space.
This stage integrates a second layer of prompting
through learnable prompt tokens.

Claim and Entity Encoding: For the claim C
and its key entities C'", we first use the CLIP text
encoder to extract their feature sequences (H¢ and
Hp). Inspired by Prompt Tuning, we introduce ded-
icated sequences of learnable prompt tokens, P¢
and Pr. These learnable prompts are prepended to
their respective feature sequences (e.g., [Po; He)).
The augmented sequences are then passed through
CLIP’s text projection layer to produce the final,
fine-tuned representations, R¢ and Ry.

Visual and text Encoding: In this stage, we
generate distinct representations for the evidence
and its analysis. The raw visual evidence Fy is
encoded using CLIP’s powerful image encoder.
Meanwhile, the synthesized analytical passage A
from the LVLM is encoded via the corresponding
text encoder. Both are then projected into the final
feature space to obtain their definitive representa-
tions, Ry and R 4.

3.2 Attention Fusion Module

This module is designed to provide a judgment of
news veracity. First, CLIP, together with learnable

prompts, is employed to encode the multimodal
content. An attention-based fusion mechanism is
then used to adaptively integrate the claim, image
evidence, and entity features. In addition, the ini-
tial analytical passages generated by Section 3.1
are incorporated to obtain the final representation,
which is subsequently fed into a classifier to gener-
ate predictions.

3.2.1 Multimodal Information Fusion

Comparing entities extracted from a textual claim
with those depicted in accompanying images en-
ables the identification of evidence-based cues for
assessing claim veracity. For instance, one may
verify whether the principal individuals described
in the news text are consistent with those depicted
in the image. Therefore, to model the relation-
ship between news entities and evidential images,
we employ multi-head cross-attention to integrate
these multimodal sources of information.

Let Ry, represent prompt-augmented entity rep-
resentation, Ry the evidential image, H the num-
ber of heads in the multi-head cross-attention mod-
ule, and d the model dimensionality. The enhanced
representations for prompt-augmented entity is
computed as follows:



En” = Attention(Rz, Rv, Ry') 3)
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where "||" denotes concatenation operation. QFy,,
KV}, and VY, are obtained from Ry and Ry
through parameterized transformation matrices.
Here, Q, K, and V denote the query, key, and value
in the attention mechanism, respectively. While
Wl € R4 represents the final linear transfor-
mation layer of the model. Similarly, the repre-
sentation En” can be derived in the same manner.
Subsequently, we apply residual connections fol-
lowed by LayerNorm:

Ry = LayerNorm(Ry, + Enl) 4)
Ry = LayerNorm(Ry + EnY)  (5)

In this way, we obtain representations in which
news entities and visual evidence mutually enhance
each other.

Given the dimensional mismatch between Ry
and Ry, we apply an adaptive average pooling
operation to generate R’ |, and R}, , ensuring that
their dimensions correspond to those of Ry -1, and
Ry, respectively, thereby facilitating subsequent
feature fusion.

/LV = AdaptivePool(Rpy) (6)

Ri,; = AdaptivePool(Ry ) 7

Thereafter, features of news entities and visual
evidence are extracted via an attention mecha-
nism and subsequently integrated through learnable
weighting parameters:

FLV = Fusion(RLV, RVL) = wlfl + w2f2 (8)

f1 = Attention(R},, Ry, Rvr) )

f2 = Attention(RY,;, Rpv, Rrv) (10)

where F7y encompasses the semantic features of
news entities and visual evidence, with wy and wso
denoting trainable weights. Considering that Ry,
includes only news entities rather than complete
news sentences—and thus lacks the causal logic
encoded in full sentences—we apply the same pro-
cedure to R¢ and Ry, ultimately obtaining Foy .

3.2.2 Analytical Rationales Fusion

Since LVLMs inevitably exhibit hallucinations, the
semantic information contained in R4 does not
always contribute effectively to determining the
veracity of news. Fy captures the relational co-
herence among news entities, while Fioy empha-
sizes the logical consistency of news contexts. We
integrate each of these components with R4 to
more fully uncover the underlying rationales em-
bedded within R 4. Finally, we can get F'4 which
represents the fused features that incorporate the
analytical rationales.

F4 = LayerNorm(Ra + Attention(Ra, Frv, Frv))
(11)
+ LayerNorm(R4 + Attention(Ra, Fov, Fov))

3.2.3 Prediction

Building on the preceding outputs, we employ an
adaptive-weighting strategy to integrate them and
produce the final prediction. To reduce the dimen-
sionality of the features, we first apply average
pooling along the last dimension and subsequently
fuse the resulting representations.

F!y = AvgPool(F4) (12)

F=a(BFL, +(1—B)Fly)+(1—a)F, (13)

where F' denotes the final representation used for
prediction, with F7},, F(,,,, and F'; representing
the pooled features of Fry, Foy, and F4, respec-
tively. Here, « and 3 are trainable weights that
balance the contributions of each component. The
final prediction is obtained using a classifier con-
structed from a feedforward neural network with
multiple hidden layers. The predicted outputs are
then compared with the ground-truth labels using
the cross-entropy loss function:

jr = FEN(F) (14)

L = CrossEntropyLoss(yr,y)  (15)

where yr denotes the prediction results, y repre-
sents the ground-truth labels. In addition, to evalu-
ate the effectiveness of LVLM in generating analyt-
ical passages, two independent feedforward neural
networks are employed to make predictions based
on the analytical rationale features:

ga1 = FFN(Ra1), a2 = FFN(R42)  (16)

L 41 = CrossEntropyLoss(§41,y) (17)



(18)

the final loss function is obtained by computing a
weighted sum of these individual loss terms:

L 42 = CrossEntropyLoss(942,y)

Lfinal = 0 Lp + aalar + azlaz (19)
where ai, ag (a2 = 0.5 X (1 — a;)) are hyperpa-
rameters that balance the contributions of each loss
component.

3.3 Conclusion Explanation Module

After obtaining the prediction results from the at-
tention fusion module, we feed the prediction §r
back into the LVLM to generate an explanatory
passage. The input to the LVLM is constructed as
follows:

input = Format(C, C’L, Ev, A gp, P’) (20)

where P’ denotes a manually designed prompt tem-
plate that guides the LVLM to generate explana-
tions, different from P in Section 3.1.

The discussion and details regarding the prompts
are presented in the appendix A.2.

4 Experiments

4.1 Experimental Settings

Datasets. In our experiments, we employed the
MOCHEG dataset (Yao et al., 2023) as the bench-
mark to comprehensively evaluate the performance
of the proposed HPIM approach in the task of fact
verification. This dataset comprises 15,601 labeled
news claim samples (supported, refuted, NEI), ac-
companied by 33,880 corresponding textual evi-
dence pieces and 12,112 visual evidence items. Its
substantial scale and high degree of diversity align
well with the practical requirements of fact verifi-
cation.

Baseline. We selected the following methods
as baseline models for evaluation: GEAR (Zhou
et al., 2019), HESM (Subramanian and Lee, 2020),
KGAT (Liu et al., 2020), Triple-Check (Du et al.,
2022), Ino (Zhang et al., 2023), Logically (Verschu-
uren et al., 2023), MOCHEG (Yao et al., 2023),
HGTMEC (Pang et al., 2025), EExpFND (Wang
et al., 2025) and MSP (Chen et al., 2024). Among
these, GEAR, HESM, and KGAT are unimodal
approaches that rely solely on textual information,
while the remaining methods are multimodal ap-
proaches that leverage both text and images. The

evaluation metrics include Accuracy (Acc), Pre-
cision (Pre), Recall (Rec), and F1 score (F1), en-
abling a comprehensive assessment of model per-
formance.

Implementation Details. During training, we
adopted the Adam optimizer with a learning rate of
2x107°, a weight decay of 0.01, and a batch size of
16. In addition, the hyperparameters a; and [ were
set to 0.7 and 8, respectively. All implementations
were developed using the PyTorch framework and
executed on an NVIDIA RTX 4090 24GB GPU.

4.2 Performance of HPIM

We evaluate HPIM on the MOCHEG dataset and
compare it against existing multimodal fact verifi-
cation approaches. The main experimental results
are summarized in Table 1. As indicated by the
empirical findings, the proposed HPIM achieves
substantially better performance than existing mod-
els on the MOCHEG dataset.

In terms of quantitative results, Our proposed
HPIM achieves an accuracy of 59.94%, represent-
ing a 4.11% improvement over the previously best-
performing model. Furthermore, the F1 scores for
the refuted, supported, NEI categories increased
by 5.86%, 0.16%, and 3.26%, respectively. These
findings demonstrate that HPIM exhibits strong
advancement and practical utility for multimodal
news veracity recognition tasks.

4.3 Ablation Study

In this section, we discuss the ablation studies. To
investigate the contribution of each component in
HPIM, we remove the following modules individ-
ually: -w/o P;: This variant eliminates the learn-
able prompt tokens, Px and Pr, meaning that the
claim and entity representations are directly fed
into the model for multimodal fusion. -w/o R 4:
This variant removes the analytical passage input
together with all associated processing steps, effec-
tively excluding the LVLM component to assess its
role within HPIM. -w/o Ry,: This variant discards
the entity feature input and replaces it with a zero
vector. -w/o R¢: This variant removes the claim
feature input and substitutes it with a zero vector.
-w/o Ry : This variant removes the visual evidence
feature input and replaces it with a zero vector.
The experimental results presented in Table 2
clearly delineate the specific effects of different fea-
ture inputs and architectural components on overall
model performance. Notably, when the raw news
content is removed (i.e., the -w/o R variant), the



Acc(%) Refuted Supported NEI

Pre(%) Rec(%) F1(%) Pre(%) Rec(%) F1(%) Pre(%) Rec(%) F1(%)
GEAR 41.97 53.02 5291 5296 38.01 3895 3848 25.35 2451 2493
HESM 4846 5972  62.62 61.14 4499 4288 4391 2920 2840  28.80
KGAT 48.55 59.69  63.11 6135 4524 4288 44.03 2889 27.82 2834
Logically 48.51 58.63 61.65 60.10 4691 42.61 44,66 2994 3093 3043
Ino 48.59  59.07 6194 6047 4625 4196 44.00 3047 31.71  31.08
Triple-Check  49.07 5948 6272  61.06 4729 4222 4461 30.37 3191  31.12
MOCHEG 5206 6150 6544 6341 53.19 4797 5045 30.78 31.32  31.05
HGTMFC 54.09 6275 68.35 6543 55.67 4876 5199 33.27 3346  33.37
EExpFND 5496 6294 6825 6549 56.81 50.72  53.59 3497 34.63  34.80
MSP 55.83 63.43 67.86 6557 57.63 5333 5540 36.47 3541 3593
HPIM 5994 6620 7757 7143 5894 5255 5556 43,57 35.60 39.19

Table 1: Performance comparison of HPIM with baseline methods on the MOCHEG dataset. The best results are

highlighted in bold.

Acc(%) Pre(%) Rec(%) F1(%)

HPIM 59.94 56.24 55.24 55.39
-w/o P, 56.34 53.10 52.90 52.71
-w/o Ry 58.94 55.94 52.84 52.69
-w/o Ry, 5647 53.81 50.69 50.14
-w/o Rc 53.23 50.40 49.85 49.70
-w/o Ry 58.51 54.17 52.54 52.41

Table 2: Ablation study results of HPIM on the
MOCHEG dataset.

model exhibits the poorest performance across all
evaluation metrics, falling significantly below the
baseline. This finding underscores the essential role
of original news text as a fundamental source of in-
formation. It further indicates that relying solely on
analytical passages generated from image content
by LVLM is insufficient for capturing event context
or preserving semantic completeness, thereby con-
straining the model’s ability to understand complex
news narratives.

Meanwhile, both the -w/o P; variant, which re-
moves the learnable prompt tokens, and the -w/o
Ry, variant, which removes the entity extraction
mechanism, show notable performance degrada-
tion. These results highlight the importance of
learnable prompts in guiding the model to attend
to critical information, as well as the indispensable
role of entity recognition in producing structured se-
mantic representations. Together, these two compo-
nents constitute the core mechanism through which
the HPIM approach effectively models multimodal
news content.

In addition, the -w/o R 4 and -w/o Ry variants
also demonstrate varying degrees of performance
decline, further corroborating the crucial role of
LVLM in image understanding and semantic ab-

straction. This not only emphasizes the contribu-
tion of visual analytical information to the model’s
discriminative capability, but also provides empiri-
cal evidence that visual evidence must still partici-
pate in subsequent multimodal fusion after being
processed by LVLM. Such participation facilitates
deeper semantic alignment and complementarity
between visual and textual information.

4.4 Evaluation on Explanations

To assess the quality of generated explanations,
we conducted a blind human study with 10 volun-
teers who just rated the outputs based on specific
criteria, as automatic metrics often fail to capture
semantic logic (Chang et al., 2024). We randomly
sampled 60 explanations for evaluation. For com-
parison, we selected three models that represent the
current spectrum of capabilities in multimodal and
language understanding, including LLaVA(Li et al.,
2024), ChatGPT (Achiam et al., 2023), and Gemini
(Comanici et al., 2025). To maintain fairness, we
unified the prompt constraints across all models,
explicitly specifying the response length to ensure
consistency. We employed a 5-point Likert scale
across four subjective dimensions, complemented
by one objective metric to validate the capture of
news elements:

e Informativeness (I): Evaluates whether the
explanation provides rich background context
and specific new information.

* Faithfulness (F): Assesses whether the expla-
nation aligns with the ground truth and is free
from hallucinations.

* Completeness (C): Measures whether the
explanation covers all necessary aspects for
news verification.



Element-match

Readabilit Informativeness

— LLaVA
ChatGPT
Gemini

- HPIM

Completeness Faithfulness

Figure 2: Performance comparison of generated expla-
nations.

» Readability (R): Checks for grammatical cor-
rectness and sentence coherence.

* Element-match (E): An objective metric cal-
culating the recall rate of named entities in the
explanation against the source text.

As shown in Figure 2, our model outperforms
all baselines in element-match, validating its supe-
rior ability to ground explanations in specific news
elements. While slightly trailing ChatGPT and
Gemini in informativeness and completeness, our
method achieves comparable performance in faith-
fulness and readability. Considering that ChatGPT
and Gemini are massive, web-connected models
with external knowledge access, our locally de-
ployed model demonstrates exceptional efficiency,
achieving high-quality, hallucination-free explana-
tions under significant resource constraints.

4.5 Hyperparameter Sensitivity Analysis

In this section, we conduct a sensitivity analy-
sis of HPIM regarding two key hyperparameters:
the weighting factor a; used to construct the fi-
nal loss function, and the prompt length [. As
illustrated in Figure 3(a), with the exception of
the extreme case where a; = 0, different hyper-
parameter settings impose only marginal effects
on HPIM. We attribute this phenomenon to the
adaptive integration of entity relations, contextual
logic, and multimodal representations, which ren-
ders the model less sensitive to variations in aj.
Figure 3(b) presents the sensitivity of HPIM to the
prompt length /. We observe that the performance
of HPIM initially improves as [ increases, but sub-
sequently degrades, achieving its peak when [ is in
the range of 7 to 8. This phenomenon likely stems
from a trade-off: while increasing [ provides ex-
panded learnable context, an excessive length may
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Figure 3: Performance of HPIM under different hyper-
parameter settings on the MOCHEG dataset.

inadvertently introduce noise.

5 Conclusion

This paper proposes a novel multimodal fact verifi-
cation framework that leverages LVLM through a
hierarchical, coarse-to-fine prompting strategy to
improve both accuracy and interpretability. The
method first extracts structured news elements
(e.g., entities, time, location, and causal relations)
and guides an LVLM to perform macro-level se-
mantic analysis, then applies CLIP-based micro-
level encoding with learnable prompts and an
attention-based fusion module to integrate tex-
tual, visual, and analytical features for veracity
prediction. Finally, the predicted result is fed
back into the LVLM to generate human-readable,
evidence-grounded explanations. Experiments on
the MOCHEG benchmark demonstrate that HPIM
outperforms existing unimodal and multimodal
baselines, while also producing more faithful and
interpretable rationales, highlighting its practical
value for robust multimodal news verification.

Limitations

One limitation of our work is the high time cost as-
sociated with LVLMs. Unlike traditional methods,
generating detailed analyses and explanations for



large-scale datasets is computationally intensive
and slow. However, we anticipate that rapid ad-
vancements in model efficiency will soon alleviate
this bottleneck. Currently, we prioritize the depth
and interpretability of the generated insights over
processing speed.

Ethical Considerations

This research focuses exclusively on defensive
strategies to assist content moderation. While we
acknowledge the theoretical possibility of adversar-
ial adaptation—whereby actors might attempt to
bypass detection—we advocate for human-in-the-
loop deployment to mitigate such risks. Regarding
human evaluation, we enforced strict safety proto-
cols to safeguard participant mental health against
sensitive content. Finally, data processing was re-
stricted to de-identified records, conducted in full
compliance with platform regulations and privacy
governance to ensure no personal information was
compromised.
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A Guiding Prompt Details

In guiding LVLMs to scrutinize news content, our
strategy diverges from broad reasoning instruc-
tions. Instead, we enforce a structured decompo-
sition of news narratives, explicitly directing the
model’s focus toward specific journalistic elements:
time, location, subject-object dependencies, and
causal chains. By constraining the model’s atten-
tion to these atomic components, we facilitate a
precise cross-modal alignment between the visual
evidence, the claim’s entities, and the authoritative
text. While we acknowledge that the design space
for prompting is vast and we do not claim our manu-
ally crafted templates represent the global optimum,
our studies confirm that this element-centric logic
significantly outperforms generic prompts in re-
ducing hallucinations and clarifying the reasoning
process. The specific prompt templates designed
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for the analysis and explanation generation stages
are presented below.

A.1 Prompt for Analysis Generation

"<image evidence> Claim text: <news claim> En-
tities in claim: <entities> Evidence retrieved from
authoritative news sources: <text evidence> Please
comprehensively analyze the claim text and image,
focusing on subject-object relationships, time and
location information, and causal logic. Discuss
whether the described interactions, time/place, and
cause-effect are reasonable and consistent with the
evidence. These clues may be used with others to
further predict the truth of the news, so your answer
does not need to provide a definitive conclusion.
Limit your response to 30 words."

A.2 Prompt for Explanation Generation

"<image evidence> Claim text: <news claim> En-
tities in claim: <entities> Evidence retrieved from
authoritative news sources: <fext evidence> Anal-
ysis: <analysis> This is a preliminary analysis of
claim before determining its truthfulness. Now the
claim is determined to be <refuted / supported / not
enough information>. Please provide a detailed ex-
planation of why the claim is <refuted / supported
/ not enough information>, based on the analysis
above. Limit your response to 50 words."

B Examples of Generated Explanations

To complement the NEI example discussed in the
main text (see Figure 1), we provide additional
qualitative case studies in Figure 4 to further elu-
cidate our model’s performance on claims with
definitive binary veracity labels. Specifically, we
present a detailed visualization of one refuted case
and one supported case to demonstrate the model’s
reasoning versatility: for the refuted claim, HPIM
successfully detects semantic contradictions to gen-
erate a corrective justification, while for the sup-
ported claim, it aggregates corroborating details
to validate the statement. These examples collec-
tively highlight how HPIM effectively attends to
and synthesizes critical evidence to substantiate its
predictions when sufficient information is present
in the source documents.



News Claim: Ref”
Facebook users are entitled to $17,500 each as ted
compensation over a 'data breach' involving Cambridge
Analytica.

Text Evidence:
All Facebook Users Could Cash in as much $17,500 Each After Data Breach. If your data was
harvested through Facebook you could get £12,500 compensation, according to an expert. The social
network has come under fire after it was revealed Cambridge Analytica kept users' data. This could
cost Facebook £625 billion, which is double the £317b it is worth, law professor Maureen Mapp
argued. 'There are about 50 million users whose data was harvested,' she told the Sun. 'Assuming each
one of them brought a claim for compensation for distress caused by the data breach ... each
individual may be awarded £12,500 as damages ... But a more likely outcome is that users would
receive a maximum of £500 each, according to data protection lawyer David Barda, who works for
Slater and Gordon. He added: 'The amount of compensation will depend on the level of distress
suffered, but Facebook could be facing claims of up to £500 per Facebook user if those users were
able to demonstrate their distress.'

Explanation:

The claim of Facebook users being entitled to $17,500 each as compensation for a data breach
involving Cambridge Analytica is refuted because it is a misrepresentation of a single comment made
by lawyer David Barda, and is not widely recognized or reported. Facebook users are not entitled to
this amount or any compensation. The image features a Facebook auction symbolized by a dollar bill
and a stack of 100 dollar bills, which suggests the idea of monetary compensation for users, but there
is no factual or legal basis to support this claim.

; \Y
- W News Claim: ”ppo,.te
m A map displayed during Sean Hannity's Fox News show d
ﬁi‘ mislabeled the Upper Peninsula of Michigan as Canada.
DAL

Text Evidence:
The Upper Peninsula is a lot of things: Beautiful, natural, rural, teeming with minerals, you name it.
But it is most definitely and inarguably not Canada. Unfortunately, it was labeled as such during
Thursday night's 'Hannity' on Fox News, when conservative talk show personality Sean Hannity was
discussing Wisconsin's 2020 election recount efforts.

Explanation:

The claim that the error in labeling the Upper Peninsula of Michigan as "Canada" is unintentional
misinformation is supported by several points. Firstly, the scenario is described as incidental rather
than intentional, which suggests a lack of malice or deception. Secondly, the mislabeled map is
described as a product of a news television show, which typically employs visual design priorities that
may not always align with complete geographical accuracy. Finally, there are no explicit accusations
of dishonesty or manipulation in the given context, supporting the conclusion that the error in labeling
the Upper Peninsula is likely accidental rather than deliberate.

Figure 4: Qualitative examples of generated explanations for refuted and supported claims.
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