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Abstract

Multimodal fake news detection is critical
for maintaining the integrity of social media.
Current models often rely on shallow cross-
modal correlations and rigid domain labels,
which limits robustness to logical inconsis-
tency and domain shift. We propose the Open-
Vocabulary and Logic-Aware Fake News Detec-
tion (OVLAFND) framework to address these
issues and relax traditional categorization con-
straints. To model fine-grained logical con-
flicts rather than surface relevance, our frame-
work introduces Logical Adversarial Data Aug-
mentation (LADA), a multimodal LLM-driven
pipeline that constructs counterfactual text-
image pairs as hard negatives. Then, we pro-
pose a Logic Consistency Module (LCM) that
uses these adversarial signals to learn a ded-
icated logic-consistency subspace for assess-
ing whether textual claims are supported by
visual evidence. To improve topic flexibil-
ity, we transform the rigid domain labels into
an Open-Vocabulary Topic Manifold (OVTM)
to achieve highly interpretable and label-free
topic reasoning. Across Weibo and Weibo-
21, OVLAFND achieves competitive fixed-
domain performance and better leave-one-
domain-out generalization. Our code is avail-
able at https://github.com/lllfxy/OVLAFND.

1 Introduction

The proliferation of social media has fundamentally
transformed information dissemination, simultane-
ously giving rise to an unprecedented surge in mul-
timodal fake news. Characterized by the deceptive
pairing of text and visual elements, these fabricated
posts pose severe threats to public trust and social
stability. Driven by the urgency of this issue, auto-
mated multimodal fake news detection (Zhu et al.,
2022; Li et al., 2024a,b,c) has garnered immense
academic interest. While existing detection models
achieve commendable performance within single,
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well-defined domains, their efficacy drops precip-
itously in real-world scenarios. In the wild, news
spans a vast and dynamic spectrum of topics, pre-
senting a severe domain shift problem. Models
trained on narrow datasets suffer from catastrophic
performance degradation when confronted with un-
seen or overlapping events.

Recent advancements in multi-domain multi-
modal fake news detection (Zhu et al., 2023; Jing
et al., 2023; Wu et al., 2023) have explored various
adaptation and fusion strategies. MMDFND (Tong
et al., 2024) incorporates domain embeddings and
attention mechanisms into a progressive hierarchi-
cal extraction network, while using Stepwise Pivot
Transformer and adaptive instance normalization
to integrate multimodal and cross-domain informa-
tion. Furthermore, DAMMFND (Lu et al., 2025)
mitigates the inability of predefined identifiers to
adapt to complex data by extracting implicit do-
main information through decoupling modules. It
utilizes a domain-aware multi-view discriminator
to dynamically quantify the differentiated contribu-
tions of modalities within specific domains. Finally,
CroMe (Choi et al., 2025) uses BLIP with frozen
image encoders and large language models to cap-
ture text, image, and image-text representations,
while combining metric learning with Cross-Modal
and Tri-Transformer fusion.

Recent literature has explored domain adaptation
and cross-modal fusion. However, existing meth-
ods still leave two bottlenecks unresolved. First,
rigid, manually defined domain labels remain a
limitation. Current multi-domain networks heavily
rely on predefined categories, and this discretiza-
tion forces dynamic, real-world news into mutually
exclusive boxes while only partially reflecting the
continuous and overlapping nature of emerging
events. Such closed-set paradigms lack extensibil-
ity and struggle to capture nuanced topical variation
in misinformation. Second, many models still rely
on shallow cross-modal matching. Standard cross-
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attention can encourage the network to memorize
superficial statistical co-occurrences. As a result,
when a genuine image is paired with a manipulated
or counterfactual text, these models often perform
poorly because they lack explicit mechanisms for
fine-grained contradiction detection.

To address these gaps, we propose Open-
Vocabulary and Logic-Aware Fake News Detec-
tion (OVLAFND). To reduce reliance on shallow
matching and provide stronger training signals, we
first design a multimodal LLM-driven Logical Ad-
versarial Data Augmentation (LADA) pipeline that
yields fact-based counterfactual hard negatives. Su-
pervised by these negatives and a contrastive logic
loss, we then propose a Logic Consistency Module
(LCM) that projects inputs into a logic-consistency
subspace to explicitly estimate premise-hypothesis
self-consistency. Finally, to relax rigid catego-
rization and generalize this reasoning capability
across topics, we introduce an Open-Vocabulary
Topic Manifold (OVTM). By aligning prototype-
based topic representations with semantic anchors
derived from LLM-generated topic phrases and a
frozen CN-CLIP encoder (Yang et al., 2022), this
memory mechanism effectively complements our
paradigm, enabling zero-shot adaptation to unseen
topics. The core contributions are summarized as
follows:

• We design the LADA pipeline to construct
counterfactual hard negatives, optimized
jointly with a contrastive logic loss to balance
fact alignment and dynamic logical contradic-
tion.

• Empowered by these adversarial signals,
we propose the LCM to transcend shallow
keyword-matching, explicitly capturing fine-
grained logical mutual exclusivity in a dedi-
cated logic-consistency subspace.

• We pioneer a shift from rigid domain labels
to a continuous topic manifold via the pro-
posed OVTM. Aligning the learned topic rep-
resentation with semantic anchors encoded
from open-vocabulary topic phrases achieves
highly interpretable, label-free topic routing
without requiring fixed domain IDs.

• Extensive experiments on Weibo and Weibo-
21 datasets confirm that OVLAFND achieves
state-of-the-art performance. Our reasoning-
centric co-design immunizes the model

against sophisticated tampering and exhibits
better generalization on unseen domains.

2 Related Works

2.1 Multimodal Fake News Detection
Visual and textual information are critical in fake
news detection. While early methods relied on
simple feature fusion, recent advancements lever-
age large language models and knowledge en-
hancement. FKA-Owl (Liu et al., 2024) augments
LVLMs with forgery-specific knowledge that cap-
tures text-image semantic correlations and visual
manipulation artifacts, and injects the resulting
knowledge embeddings into the LVLM for fake-
news reasoning. Sniffer (Qi et al., 2024) and
TRUST-VL (Yan et al., 2025) recast multimodal
misinformation detection as explainable out-of-
context reasoning, while MAFT (Kakizaki et al.,
2025) textualizes multimodal inputs for automated
fact-checking. FACTGUARD (He et al., 2026)
leverages LLMs for event-centric content extrac-
tion, employing a dynamic usability mechanism
to mitigate writing style biases. Furthermore, the
MMFakeBench study (Liu et al., 2025) introduces
MMD-Agent and a mixed-source benchmark, high-
lighting complex distortion patterns that existing
models struggle with.

2.2 Multi-domain Fake News Detection
Domain shift presents a significant challenge in
adapting models to emerging news. MDFEND
(Nan et al., 2021) employs a domain gating net-
work to adapt expert weights. M3DFEND (Zhu
et al., 2023) introduces a memory bank to han-
dle incomplete domain labels, while MMDFND
(Tong et al., 2024) progressively decouples domain-
specific and shared knowledge to overcome seman-
tic biases. DAMMFND (Lu et al., 2025) further
mitigates negative transfer by extracting implicit
domain representations via disentanglement. These
recent studies suggest that domain-aware modeling
is useful, but relying on predefined, rigid domain la-
bels fundamentally limits out-of-distribution adapt-
ability to unseen events.

3 Method

In this section, we present the proposed OVLAFND
framework. The architecture is designed to ad-
dress the limitations of discrete domain labels
and shallow multimodal correlation. As illus-
trated in Figure 1, the OVLAFND framework
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consists of six interconnected modules: LADA,
Multi-Perspective Modality Encoding (MPME),
OVTM, LCM, Logic-Aware Multi-View Discrim-
inator (LAMVD), and Semantic Anchor-Driven
Decision Layer (SADDL).

3.1 Problem Formulation

3.1.1 Problem Definition
Given a multimodal fake news dataset D =
{(Tj , Ij , yj)}Nj=1, where each instance consists of a
text-image pair (T, I) and a binary label y ∈ {0, 1}
indicating whether the news is real (y = 0) or
fake (y = 1), the goal is to learn a predictor that
outputs a veracity score ŷ ∈ [0, 1] for each in-
put pair. To model the overlapping and evolving
topical structure of real-world news, we represent
each input in a continuous open-vocabulary topic
manifold parameterized by K latent semantic cen-
ters in a d-dimensional feature space. These cen-
ters define a latent topic space, while the sample-
specific topic representation read from them is
aligned with offline semantic anchors derived from
natural-language topic phrases, providing semantic
guidance for topic-aware reasoning and prediction.

3.1.2 Preliminaries on Foundation Models
To extract foundational representations, we lever-
age several frozen, pre-trained models. For uni-
modal feature extraction, we utilize BERT (De-
vlin et al., 2019) and Masked Autoencoders (MAE)
(He et al., 2022) to obtain the base textual and vi-
sual embeddings, formulated as ht = BERT(T )
and hi = MAE(I). Furthermore, to capture
aligned cross-modal semantics, we employ the pre-
trained Vision-Language Model CLIP (Radford
et al., 2021). CLIP projects both modalities into
a shared semantic space, yielding aligned features
zt = CLIPT (T ) and zi = CLIPI(I). These pre-
extracted foundational features serve as the core
inputs for our subsequent encoding and reasoning
modules. More implementation details are pro-
vided in Appendix A.4.

3.2 Logical Adversarial Data Augmentation

Conventional multimodal models often suffer from
unimodal bias, where they predict news veracity
based on frequent keywords or visual patterns with-
out performing logical cross-checking. To encour-
age the network to learn deep visual-textual reason-
ing, we design the LADA pipeline utilizing a multi-
modal LLM to generate adversarial counterfactuals.
This data-and-loss co-design improves the model’s

robustness to sophisticated, maliciously tampered
news.

Given a genuine multimodal instance compris-
ing text T and image I , LADA constructs a hard-
negative counterfactual text Tct through a rigorous
three-step logical synthesis:

1. Plausible Object Inference: The multimodal
LLM analyzes the semantic context of T to infer
a physical object O that is contextually likely to
appear but is explicitly absent from the current
text.

2. Visual Verification: A visual-language model
checks the image I to confirm that the object O
is indeed not present in the visual evidence.

3. Contradictory Rewriting: The LLM rewrites
T into Tct by asserting the presence of a specific
state of object O, thereby creating an explicit
logical conflict between Tct and I .

The overall generation process is defined in
Equation 1:

Tct = Φadv(T | O, I), (1)

where Φadv denotes the logic-preserving rewriting
function. This results in an adversarial pair (Tct, I)
which serves as a crucial negative signal for down-
stream logic consistency learning. Further details
are provided in Appendix A.2.

3.3 Multi-Perspective Modality Encoding

To capture comprehensive multimodal evidence,
the MPME module directly builds upon the afore-
mentioned foundational embeddings (ht, hi, zt, zi).
To explicitly model the intrinsic semantic correla-
tion between modalities, we compute a multimodal
base feature hmm weighted by the cosine similarity
between the aligned CLIP features. To simplify the
formulation, we define it as:

hmm =

(
zt · z⊤i
∥zt∥∥zi∥

)
·MLP([zt, zi]), (2)

where [·, ·] denotes concatenation.
For each individual view v ∈ {t, i,mm}, we

deploy parallel multi-channel CNNs (Zheng et al.,
2014; Yang et al., 2015) to capture diverse local se-
mantic subspaces. Here, hv denotes the correspond-
ing base representation for view v. Let k denote the
number of parallel CNN experts for each view, and
let Wa and ba denote the learnable parameters of
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Figure 1: The network architecture of OVLAFND. Text, CLIP, and image encoders are utilized to
extract different modality view representations of multimodal news. Multi-channel CNN is employed
to aggregate multi-channel features from multimodal views. OVTM extracts semantic information and
reduces negative transfer. The LAMVD identifies real and fake features across multimodal views. LADA
and LCM evaluate reasoning chains. News authenticity is determined by the Semantic Anchor-Driven
Decision Layer.

the attention-guided gating network. The outputs
from these CNN experts are then aggregated via:

av = Softmax(Wahv + ba), fv =

k∑

j=1

avj r
v
j .

(3)
where rvj denotes the feature representation ex-
tracted by the j-th independent CNN expert for
each view. The resulting aggregated features ft, fi,
and fmm represent the textual, visual, and multi-
modal perspectives, respectively.

3.4 Logic Consistency Module

The LCM explicitly evaluates the reasoning chain
between text and image by leveraging the coun-
terfactual data generated from LADA. It projects
aligned features into a joint reasoning space to dis-
tinguish between logical coherence and contradic-
tion.

Using the original pair (zt, zi) and the counter-
factual pair (zct, zi), where zct = CLIPT (Tct), the
LCM first extracts their logic relation representa-
tions in Equation 4:

flogic = MLPlog([zi, zt]),

f ct
logic = MLPlog([zi, zct]).

(4)

Let Ws denote a learnable scoring projection
shared by the original and counterfactual branches.
The corresponding positive and negative logic
scores are then computed in Equation 5:

s+ = Ws · flogic,
s− = Ws · f ct

logic.
(5)

The original-pair representation flogic is further
injected into the multimodal pathway, where Wenc

denotes a learnable projection for fusing the topic-
enhanced multimodal feature with the logic repre-
sentation. The enhanced multimodal representation
fenc
mm is defined as follows:

fenc
mm = ReLU(Wenc[f̂mm, flogic]). (6)

By penalizing low values of s+ and high values
of s−, the model is forced to scrutinize the factual
consistency.

3.5 Open-Vocabulary Topic Manifold

Traditional methods rely on static domain labels,
which fail to capture the overlapping and evolving
nature of news themes. We propose OVTM to map
news features into a continuous, open-vocabulary
topic manifold.
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We define a learnable prototype memory matrix
P ∈ RK×d containing K latent semantic centers,
where each row Pk represents the k-th trainable
latent topic prototype and is jointly optimized dur-
ing training. The effect of K is discussed in Ap-
pendix A.7. For any view feature fv, OVTM calcu-
lates a soft assignment distribution sv ∈ RK over
these prototypes via Equation 7:

sv = Softmax

(
fvP

⊤

τ

)
, (7)

where τ controls the concentration of the proto-
type assignment, with sensitivity analyzed in Ap-
pendix A.7. Each element sv,k measures the affin-
ity between the current view and prototype Pk, al-
lowing a sample to activate multiple latent topics
rather than being assigned to a single category.

To enhance the features with topic-specific con-
text, we apply a learnable projection Wp to sv and
perform residual modulation in Equation 8:

f̂v = fv + σ(Wpsv)⊙ fv. (8)

The residual modulation in Equation 8 allows
the model to dynamically adapt its reasoning based
on the latent topic distribution rather than fixed
categories.

3.6 Logic-Aware Multi-View Discriminator

The LAMVD functions as an informational sieve
that modulates view-specific predictions based on
the global logical context. We first construct a
global state g by concatenating the refined features:
g = [f̂t, f̂i, f

enc
mm].

For each view v, a gating network with learn-
able parameters W v

g and bvg generates a topic-
conditioned attention mask gv from the global state
g, as defined in Equation 9:

gv = σ(W v
g g + bvg). (9)

The mask is applied to the topic-enhanced feature
f̂v obtained in Equation 8 to retain only contextu-
ally relevant information, defined as:

pv = gv ⊙ f̂v. (10)

These filtered features are then passed through
view-specific classifiers to generate isolated verac-
ity predictions ŷv for each view v ∈ {t, i,mm}.

3.7 Semantic Anchor-Driven Decision Layer

SADDL serves as the final decision hub, utilizing a
Transformer to dynamically weight the multi-view
predictions. To establish a decision query Q, we
first aggregate the three refined view features in
Equation 11 and then combine the resulting global
context with the filtered features in Equation 12:

fagg =
1

3

∑

v∈{t,i,mm}
f̂v, (11)

Q = fagg +
∑

v∈{t,i,mm}
pv. (12)

where the factor 1/3 simply computes the arith-
metic mean of the three refined views.

A Multi-Head Self-Attention (MHSA) block pro-
cesses the decision query Q from Equation 12
against the individual view features to output dy-
namic decision weights w ∈ R3. To distinguish
the attention keys from the prototype number K
used in OVTM, we denote the keys and values as
Katt = Vatt = [f̂t, f̂i, f

enc
mm], where fenc

mm is ob-
tained from Equation 6. Let Ww denote the learn-
able projection that maps the MHSA output to three
view-specific logits. The decision weights are then
computed in Equation 13:

w = Softmax(Ww ·MHSA(Q,Katt, Vatt)).
(13)

The final veracity prediction ŷ is the weighted
summation of individual views, ŷ =

∑
v wvŷv.

To ensure the latent prototypes P remain seman-
tically meaningful, we leverage the multimodal
topic assignment smm from Equation 7 to derive a
sample-specific topic representation. A learnable
projection head MLPproj then projects this repre-
sentation to extract the 512-dimensional semantic
feature vector fproj , expressed as:

fproj = MLPproj(smmP ). (14)

The projected feature fproj is subsequently
aligned with the offline LLM-derived semantic
anchor through the semantic alignment based on
Equation 18.

3.8 Training and Inference

Training. The framework is optimized via a joint
loss function. The primary classification objective
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is the cross-entropy ℓ calculated over the final and
auxiliary predictions in Equation 15:

Lcls = ℓ(ŷ, y) +
1

3

∑

v

ℓ(ŷv, y). (15)

To train the LCM, we utilize a margin-based
contrastive logic loss to separate the original and
counterfactual scores s+ and s− by a margin γ,
as shown in Equation 16. Here, BCE denotes bi-
nary cross-entropy, and ysmooth denotes the label-
smoothed target for genuine pairs:

Llogic = BCE(σ(s+), ysmooth)+max(0, γ−s++s−).
(16)

To preserve prototype diversity and prevent topic
collapse, we enforce an orthogonality constraint on
the prototype matrix P in Equation 17, where IK
denotes the K ×K identity matrix:

Lortho = ∥PP⊤ − IK∥22. (17)

Finally, we align the latent space with real-world
semantics by minimizing the distance between the
projected features and the pre-extracted offline
LLM semantic anchors hLLM in Equation 18, the
details of which are provided in Appendix A.3.

Lalign = ∥fproj − hLLM∥22. (18)

The total optimization loss function is given by
Equation 19:

Ltotal = Lcls + λ1Llogic + λ2Lortho + λ3Lalign,
(19)

where λ1, λ2, and λ3 are balancing hyperparam-
eters. Their default values are provided in Ap-
pendix A.6, while their sensitivity is analyzed in
Appendix A.7.

Inference. During inference, we bypass the
LADA pipeline and the semantic anchoring pro-
cess, using them only for training supervision. For
unseen samples, the optimized OVTM directly
computes soft routing weights in the continuous
topic manifold without real-time LLM intervention.
Concurrently, the LCM evaluates the original in-
put to extract positive logical features, inherently
discarding the counterfactual comparison branch.
Finally, the decision layer integrates these topic-
modulated features and logical representations to
infer news authenticity.

4 Experiments

4.1 Experimental Settings
Datasets. We evaluated our model using two real-
world benchmark datasets: Weibo (Wang et al.,
2018) and Weibo-21 (Nan et al., 2021). The de-
tailed statistics of both datasets are summarized in
Appendix A.1.

Baselines. We categorize our baselines into three
groups: (1) Single-modal multi-domain methods,
including: MMoE (Ma et al., 2018), MoSE (Qin
et al., 2020), MDFEND (Nan et al., 2021), and
M3DFEND (Zhu et al., 2023). (2) Multimodal
single-domain methods, including: SpotFake (Sing-
hal et al., 2019), CAFE (Chen et al., 2022), CMC
(Wei et al., 2022), BMR (Ying et al., 2023),
and MRHFR (Wu et al., 2023). (3) Multimodal
multi-domain methods, including: KATMF (Song
et al., 2021), MMDFND (Tong et al., 2024), and
DAMMFND (Lu et al., 2025).

4.2 Overall Performance
To evaluate the effectiveness of our proposed
OVLAFND framework, we conducted extensive ex-
periments using the Weibo and Weibo-21 datasets.
We evaluated the model under both conventional
fixed-domain settings and an open-set zero-shot
setting (Leave-One-Domain-Out test). Over-
all, OVLAFND outperforms the baseline models
across the reported scenarios.

4.2.1 Fixed-Domain Performance
As demonstrated in Table 1 and Table 2,
OVLAFND significantly outperforms both multi-
domain and multimodal baselines, achieving
peak accuracies of 95.2% on Weibo and 96.9%
on Weibo-21. Among multi-domain methods,
KATMF, MMDFND, and DAMMFND utilize ex-
plicit domain labels for adaptive gating. However,
their rigid categorization enforces hard boundaries,
causing them to struggle with cross-domain seman-
tic overlaps and emerging unlabeled events. Fur-
thermore, while multimodal methods like SpotFake
and MRHFR excel at feature extraction, they pri-
marily rely on shallow semantic alignment. This
makes them inherently vulnerable to sophisticated
visual-textual logical traps and less adaptable to
domain variations. In contrast, OVLAFND’s con-
tinuous topic manifold circumvents these bottle-
necks by mapping instances into a shared semantic
space, exhibiting exceptional robustness across all
predefined domains.

8272



Method Sci. Mil. Edu. Soc. Pol. Hlth. Fin. Ent. Dis./Int.
Overall

F1 Acc AUC

W
ei

bo

MMoE 0.578 0.911 0.851 0.885 0.735 0.826 0.813 0.830 0.883 0.874 0.874 0.950
MoSE 0.793 0.738 0.834 0.912 0.764 0.859 0.791 0.844 0.883 0.890 0.890 0.954
MDFEND 0.774 0.911 0.897 0.902 0.763 0.878 0.808 0.881 0.874 0.904 0.904 0.965
M3DFEND 0.792 0.903 0.923 0.912 0.765 0.863 0.899 0.899 0.876 0.928 0.928 0.969
KATMF 0.831 0.908 0.924 0.895 0.823 0.898 0.903 0.904 0.894 0.929 0.930 0.969
MMDFND 0.824 0.911 0.941 0.939 0.735 0.913 0.917 0.917 0.888 0.934 0.934 0.972
DAMMFND 0.853 0.911 0.956 0.943 0.822 0.939 0.937 0.956 0.928 0.943 0.944 0.983
OVLAFND 0.925 0.985 0.972 0.948 0.852 0.957 0.936 0.930 0.889 0.952 0.952 0.986

W
ei

bo
-2

1

MMoE 0.875 0.911 0.870 0.875 0.862 0.936 0.856 0.888 0.877 0.894 0.894 0.954
MoSE 0.850 0.885 0.881 0.872 0.880 0.917 0.867 0.891 0.867 0.893 0.894 0.954
MDFEND 0.830 0.938 0.891 0.898 0.886 0.940 0.895 0.906 0.900 0.913 0.913 0.970
M3DFEND 0.829 0.950 0.899 0.908 0.882 0.946 0.900 0.931 0.889 0.921 0.921 0.975
KATMF 0.914 0.928 0.913 0.895 0.902 0.914 0.871 0.937 0.898 0.923 0.928 0.975
MMDFND 0.937 0.953 0.852 0.945 0.965 0.920 0.884 0.959 0.919 0.939 0.939 0.977
DAMMFND 0.932 0.953 0.932 0.917 0.982 0.919 0.941 0.990 0.945 0.947 0.947 0.985
OVLAFND 0.981 0.953 0.965 0.950 0.991 0.952 0.954 0.980 0.986 0.969 0.969 0.992

Table 1: Overall performance comparison with representative multi-domain fake news detection methods
on Weibo and Weibo-21 datasets.

Method Accuracy
F1 score

Real Fake

W
ei

bo

SpotFake 0.892 0.932 0.739
CAFE 0.840 0.842 0.837
CMC 0.893 0.899 0.907
BMR 0.918 0.914 0.904
MRHFR 0.922 0.918 0.910
DAMMFND 0.944 0.945 0.943
OVLAFND 0.952 0.950 0.954

W
ei

bo
-2

1

SpotFake 0.851 0.828 0.866
CAFE 0.882 0.885 0.876
CMC 0.897 0.903 0.912
BMR 0.929 0.927 0.925
MRHFR 0.932 0.928 0.926
DAMMFND 0.947 0.948 0.947
OVLAFND 0.969 0.969 0.969

Table 2: Performance comparison with representa-
tive multimodal fake news detection methods on
Weibo and Weibo-21 datasets.

4.2.2 Leave-One-Domain-Out Performance
To further validate the model’s robustness in real-
world scenarios where a domain is held out at
test time, we conducted a leave-one-domain-out
(LODO) evaluation, as presented in Table 3. In
this setting, the model is trained on 7 domains, val-
idated on 1 domain, and tested on the remaining
unknown domain.

As shown in Table 3, on Weibo, OVLAFND
outperforms the strongest baseline, DAMMFND,
by 2.6% F1 on average (87.0% vs. 84.4%), with
especially clear gains in Social and Political news.
A more revealing pattern appears on Weibo-21:
the original baseline already surpasses the exist-
ing domain-aware SOTA models, suggesting that
rigid domain modeling can become unstable un-
der a strict held-out-domain protocol. OVLAFND
further improves on top of this stronger reference
point, reaching 74.4% average F1. These results
highlight OVLAFND’s stronger ability to handle
unseen and dynamically shifting topics under cross-
domain evaluation.

4.3 Ablation Study
To demonstrate the effectiveness of each compo-
nent in the OVLAFND framework, we conducted
an ablation study by systematically removing spe-
cific modules and performing comparative analysis.

Table 4 presents our ablation study results.
The original OVLAFND outperforms all variants,
demonstrating the effectiveness of each component.
Key findings include:

• Removing LADA significantly decreases per-
formance, leading to F1-score decreases of 0.7%
and 1.0% on the two datasets, respectively. This
highlights the critical role of LADA in shifting
the model’s paradigm from mere cross-modal
“relevance matching” to rigorous “logical verifi-
cation.”
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Method Sci. Mil. Edu. Soc. Pol. Hlth. Fin. Ent. Dis./Int. F1(Avg.)
W

ei
bo

baseline 0.729 0.807 0.767 0.467 0.739 0.672 0.836 0.776 0.860 0.739
MMDFND 0.711 0.394 0.749 0.205 0.856 0.342 0.418 0.418 0.645 0.526
DAMMFND 0.868 0.868 0.810 0.766 0.880 0.881 0.864 0.847 0.815 0.844
OVLAFND 0.870 0.876 0.837 0.824 0.921 0.879 0.865 0.875 0.879 0.870

W
ei

bo
-2

1 baseline 0.760 0.793 0.814 0.660 0.718 0.807 0.463 0.716 0.784 0.724
MMDFND 0.170 0.158 0.120 0.419 0.289 0.213 0.478 0.376 0.526 0.305
DAMMFND 0.783 0.879 0.783 0.642 0.593 0.779 0.483 0.523 0.796 0.696
OVLAFND 0.766 0.856 0.811 0.686 0.722 0.817 0.490 0.726 0.819 0.744

Table 3: Open-set domain generalization performance under the LODO protocol.

(a) t-SNE visualization on the Weibo dataset.

(b) t-SNE visualization on the Weibo-21 dataset.

Figure 2: The t-SNE visualizations of learned fea-
tures for real vs. fake news.

Method Accuracy
F1 score

Real Fake

W
ei

bo

OVLAFND 0.952 0.950 0.954
-w/o LADA 0.945 0.943 0.948
-w/o LCM 0.922 0.922 0.923
-w/o OVTM 0.939 0.937 0.941

W
ei

bo
-2

1 OVLAFND 0.969 0.969 0.969
-w/o LADA 0.959 0.959 0.960
-w/o LCM 0.950 0.948 0.951
-w/o OVTM 0.959 0.959 0.959

Table 4: Ablation study of the proposed frame-
work.

• Removing the LCM substantially reduces per-
formance, causing an accuracy drop of 3.0% and
1.9%. This confirms the necessity of the LCM in
explicitly evaluating the reasoning chain between
different modalities.

• Removing the OVTM and reverting to mutually
exclusive domain labels decreases accuracy by

1.3% and 1.0% on the two datasets. These results
validate that modeling news as a continuous topic
manifold captures semantic nuances more effec-
tively than rigid categorization, thereby mitigat-
ing negative transfer and significantly enhancing
fake news detection adaptability.

Beyond the module-level ablations above, we
further isolate the contribution of each auxiliary
training objective by removing one loss term at a
time while keeping the remaining architecture and
training configuration unchanged. As reported in
Appendix A.8, removing Llogic, Lortho, or Lalign

consistently reduces Macro-F1 on both datasets,
confirming that the three objectives provide com-
plementary supervision.

4.3.1 Visualizations
Figure 2 presents t-SNE visualizations of fea-
tures learned by OVLAFND, DAMMFND, and
MMDFND on the Weibo and Weibo-21 datasets.
Compared to the severe feature entanglement and
scattered boundary outliers seen in the baselines,
OVLAFND condenses the features into denser
intra-class clusters and produces a clearer sepa-
ration in the visualization, which suggests a more
distinguishable feature representation.

4.3.2 Case Study
We selected three cases covering healthy nutri-
tion, constructive education and daily technology
from the Weibo-21 dataset to demonstrate the in-
terpretability of our OVLAFND framework. The
quantitative results and semantic routing details are
illustrated in Figure 3. OVLAFND successfully
identifies the subtle logical contradictions and ex-
plicitly routes the samples to human-readable top-
ics, whereas DAMMFND is misled by the positive
narratives. More details are provided in Appendix
A.5.
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Figure 3: Interpretability case study on three benign fake news samples.

5 Conclusion

In this paper, we propose OVLAFND, an open-
vocabulary, logic-aware framework for multimodal
multi-domain fake news detection. The method is
built around three components. First, LADA con-
structs counterfactual hard negatives that expose
fine-grained text-image contradictions during train-
ing. Second, LCM uses these adversarial signals
to learn a dedicated logic-consistency subspace,
reducing reliance on shallow cross-modal match-
ing. Third, OVTM transforms rigid domain labels
into a continuous topic manifold, improving ro-
bustness to overlapping and unseen events. Ex-
periments on two benchmark datasets show that
OVLAFND achieves competitive performance and
exhibits stronger adaptability to unseen domains
under the open-set LODO setting.

Limitations

Although OVLAFND shows strong performance
and generalization, there are still practical con-
straints. First, the quality of LADA depends
on external LLM/VLM generation, and ambigu-
ous visual scenes may occasionally produce noisy
counterfactual samples. Second, our evaluation
mainly focuses on Weibo-style benchmarks, so
cross-lingual and cross-platform transfer should be
further validated. Third, the full training pipeline
introduces additional preprocessing cost due to ad-
versarial sample construction and semantic align-
ment. These factors do not affect the deploy-time

model structure, but they motivate future work on
more efficient data generation and broader multi-
lingual evaluation.
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A Appendix

A.1 Datasets and Feature Processing
Datasets. The Weibo dataset contains 9,528 arti-
cles (4,745 true, 4,783 fake), divided into a train-
ing set of 7,532 articles (3,749 true, 3,783 fake)

and a testing set of 1,996 articles (996 true, 1,000
fake). While traditionally categorized into nine
rigid domains, we process these texts to extract
topic descriptions for our open-vocabulary man-
ifold. Weibo-21 serves as a challenging multi-
domain dataset consisting of 9,128 articles (4,640
true, 4,488 fake), with its training and evaluation
sets partitioned according to the established proce-
dures defined in MMDFND (Nan et al., 2021). The
detailed statistics of both datasets are summarized
in Table 5. To ensure rigorous evaluation, the per-
formance metrics of OVLAFND are averaged over
three distinct random seeds.

Dataset Real Fake Total

Weibo 4,745 4,783 9,528
Weibo-21 4,640 4,488 9,128

Table 5: Statistics of the Weibo and Weibo-21
datasets.

Semantic Feature Processing. While these
datasets are traditionally categorized into rigid, pre-
defined domains, our open-vocabulary paradigm
requires dynamic natural language topic descrip-
tions. To establish the Open-Vocabulary Topic
Manifold, we design an offline semantic feature
extraction pipeline to generate explicit semantic
anchors. For each multimodal news instance, we
utilize the Qwen3-VL-8B model to jointly analyze
the original text and image, prompting it to output 3
to 5 concise topic phrases that precisely summarize
the core scene (e.g., “Traffic Accident,” “Political
Election”). Subsequently, we employ a pre-trained
frozen CN-CLIP (ViT-B/16) text encoder to project
these generated phrases into a 512-dimensional se-
mantic space. This offline processing not only pre-
vents heavy computational overhead from real-time
LLM API calls during training but also ensures that
our latent topic prototypes are securely anchored
to stable, well-defined natural language semantics.

A.2 Counterfactual Text Generation for
LADA

To construct counterfactual hard negatives, our
LADA pipeline employs an open-source multi-
modal LLM, Qwen3-VL-8B, along with four logi-
cal attack strategies. For each multimodal instance,
one strategy is randomly selected to generate the
counterfactual text Tct. These strategies range from
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Strategy Objective Prompt Instruction Details (Translated)

Existence Negation To create a visual logical
trap by denying the
existence of prominent
objects.

Task: Construct an “Existence Negation” fake news. 1. Find
the most prominent core object/person in the image. 2.
Modify the original sentence to explicitly assert that this
object is completely absent from the scene. 3. Use explicit
negation words such as “none”, “not found”, or “empty”.

Quantity/Degree Reversal To invert the scale, density,
or severity depicted in the
multimodal input.

Task: Construct a “Quantity/Degree Reversal” fake news. 1.
Focus on the quantity, density, or degree in the original
sentence or image. 2. Modify it to the opposite logical state
(e.g., from crowded to empty, or from massive fire to slight
smoke). 3. Keep the tone formal like a real news report
while ensuring that the facts are inverted.

State Mutually Exclusive To introduce fine-grained
contradictions in actions or
physical states.

Task: Construct a “State Mutually Exclusive” logical trap.
Modify the adjectives or verbs in the original sentence to
make them logically mutually exclusive with the image
content (e.g., change “fighting” to “hugging amicably”, or
“broken” to “intact”).

Chain-of-Thought Negation To perform step-by-step
rigorous logical
contradiction generation.

Task: Execute a step-by-step logical reversal. Step 1 (Visual
Analysis): Carefully observe the image and identify a core
object that explicitly exists. Step 2 (Logical Reversal): Based
on this object, construct a sentence asserting that it does not
exist or is entirely something else. Ensure that the sentence
sounds natural but contradicts the existing visual evidence.

Table 6: Prompt templates used in the multimodal LLM-driven LADA pipeline for generating fine-grained
counterfactual texts.

basic entity denial to multi-step contradiction gen-
eration and are summarized in Table 6.

If the multimodal LLM fails to generate a suffi-
ciently strong negation, as detected by a keyword-
based filtering rule, we apply a fallback strategy.
This fallback directly negates the original text pred-
icates to preserve a clear logical contradiction and
provide usable adversarial supervision. This filter-
ing and fallback process produced 3,615 and 2,933
accepted counterfactuals for Weibo and Weibo-21,
respectively.

A.3 Generation of LLM Semantic Anchors

To construct the OVTM, we perform an offline se-
mantic feature extraction pipeline to generate the
stable, high-dimensional semantic anchors. This of-
fline processing avoids the massive computational
overhead of querying large models during real-time
training. The pipeline consists of two stages:

Stage 1: Topic Phrase Extraction via multi-
modal LLM. For each multimodal news instance,
we leverage the Qwen3-VL-8B model to jointly an-
alyze the image and the text. We instruct the model
to distill the input into concise, high-level semantic
concepts. The exact prompt template used is as
follows:

System Prompt: Carefully analyze the provided
image (if any) and the following news text. Please
extract 3 to 5 concise words or phrases that ac-
curately summarize the core theme and scene of
this news. Output only the words, separated by
commas, without any extra explanation.
Input News Text: {text}

Stage 2: Semantic Encoding via Frozen CN-
CLIP. Once the concise topic phrases (e.g., “Traffic
Accident, Urban Flood”) are generated, we tok-
enize and feed them into a pre-trained, frozen CN-
CLIP (ViT-B/16) text encoder. The text encoder
projects these natural language concepts into a 512-
dimensional embedding space. We then apply L2-
normalization to these embeddings to obtain the
final semantic anchors, which are cached locally as
.pt files and utilized to explicitly align the latent
prototypes during training.

A.4 Implementation Details

For text encoding, we set the maximum input
length to 197 and utilized pre-trained BERT (De-
vlin et al., 2019) and CLIP (Radford et al., 2021)
models. For visual encoding, images were resized
to 224×224 pixels and processed using pre-trained
MAE (ViT-B/16) (He et al., 2022) and CLIP (ViT-
B/16) models. To establish the continuous topic
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manifold, Qwen3-VL-8B was used to generate se-
mantic topic phrases, which were subsequently
encoded by a frozen CN-CLIP (ViT-B/16) text
encoder into 512-dimensional semantic anchors.
Counterfactual augmentation in the LADA pipeline
was powered by the Qwen3-VL-8B model via Ol-
lama. All experiments were implemented in Py-
Torch (Paszke et al., 2019) and executed on an
NVIDIA RTX 3090 GPU.

A.5 Detailed Case Analysis
We provide detailed case studies illustrated in Fig-
ure 3 to further illustrate the interpretability of our
model as follows.

Case 1: Health Nutrition. In the first case (Fig-
ure 3, left), the text presents a benign medical claim.
OVLAFND outputs a fake news score of 0.587 (sur-
passing the 0.5 threshold), correctly identifying it
as a forgery. In contrast, DAMMFND outputs a
remarkably low score of 0.020, failing to detect the
anomaly. OVLAFND decomposes the evidence
into text, image, and fusion views (scoring 0.066,
0.810, and 0.659, respectively) and yields a low
logic contradiction score of 0.227, capturing the
fine-grained visual-textual mismatch. Furthermore,
our OVTM routes the sample to Topic T15 (weight:
0.070), which semantically anchors to “healthy
living and nutrition knowledge.”

Case 2: Constructive Education. In the second
case (Figure 3, middle), involving a positive educa-
tional narrative, OVLAFND accurately predicts it
as fake with a score of 0.556, while DAMMFND
scores it at a mere 0.163. The explicit evidence
scores from the text, image, and fusion views are
0.161, 0.731, and 0.572, respectively, accompanied
by a logic contradiction score of 0.335. The sam-
ple is dynamically routed to Topic T12 (weight:
0.073), corresponding to the “Common knowledge
and normative explanations” semantic space.

Case 3: Technology. For the third case
(Figure 3, right) concerning daily technology,
OVLAFND successfully flags it (score: 0.511)
compared to DAMMFND’s failure (score: 0.174).
The isolated view scores (0.048, 0.522, 0.561) and
the logic contradiction score (0.291) expose the
underlying discrepancy. The sample is logically
routed to Topic T01 (weight: 0.068), anchored to

“Daily technology and service information.”
Overall, these cases suggest that DAMMFND is

more easily misled by mild positive multimodal nar-
ratives, whereas OVLAFND captures the relevant
contradictions more reliably. By combining LADA,

LCM, and OVTM, OVLAFND provides traceable
multi-view evidence and interpretable topic routing
without relying on fixed domain labels.

A.6 Hyperparameter Settings
Due to the different data distributions of Weibo
and Weibo-21, we conduct separate hyperparam-
eter searches for the two datasets. The models
are trained with AdamW on Weibo and Adam on
Weibo-21, using a base learning rate of 1× 10−4

and a batch size of 64. The number of latent topic
centers is set to K = 16. For the loss balancing
factors in Equation 19, the optimal weights are
configured as follows to balance the primary classi-
fication and the auxiliary logical/topic constraints:

• Logic Loss (λ1): Set to 0.2 for Weibo-21.
For Weibo, a warm-up schedule is applied
(λ1 = 0.2×min(1.0, epoch/10)) to prevent
early divergence.

• Orthogonal Loss (λ2): Set to 0.05 for Weibo
and 0.1 for Weibo-21 to preserve prototype
diversity.

• Alignment Loss (λ3): Set to 0.1 for Weibo
and 10.0 for Weibo-21, effectively adjusting
for the probabilistic distribution scale variance
across the two datasets.

A.7 Parameter Sensitivity Analysis
To investigate the robustness of OVLAFND, we
analyze the sensitivity of five critical hyperparam-
eters: the number of latent topic centers K, the
assignment temperature τ , the logic consistency
loss weight λ1, the orthogonal loss weight λ2, and
the semantic alignment loss weight λ3.

Impact of Topic Center Number (K). As
shown in Table 7, reducing K to 8 slightly low-
ers performance, suggesting that 8 centers may be
too coarse to capture the diversity of news top-
ics. Meanwhile, increasing K to 32 also degrades
performance on both datasets (Macro-F1 drops to
0.935 and 0.963, respectively), suggesting that an
overly large K fragments the latent topic mani-
fold into redundant sub-clusters. Finally, the model
achieves the best overall balance at K = 16.

Impact of Assignment Temperature (τ ). The
temperature τ controls the concentration of the soft
assignment over latent prototypes. A smaller value
produces a sharper distribution over fewer proto-
types, whereas a larger value yields a smoother
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Parameter Variation Weibo Dataset Weibo-21 Dataset

AUC Macro-F1 AUC Macro-F1

Latent Topic Centers
(K)

K = 8 0.985 0.946 0.989 0.967
K = 16 (Optimal Baseline) 0.986 0.952 0.989 0.969
K = 32 0.980 0.935 0.989 0.963

Logic Consistency
(λ1)∗

λ1 = 0.1 0.980 0.930 0.988 0.964
λ1 = 0.2 (Optimal Baseline) 0.986 0.952 0.989 0.969
λ1 = 0.4 0.986 0.938 0.991 0.963

Orthogonal Loss
(λ2)

λ2 = 0.02 (Weibo) / 0.05 (Weibo-21) 0.982 0.940 0.989 0.959
Optimal Baseline (λ2 = 0.05 / 0.1) 0.986 0.952 0.989 0.969
λ2 = 0.20 0.986 0.943 0.990 0.954

Semantic Alignment
(λ3)

λ3 = 0.05 (Weibo) / 0.1 (Weibo-21) 0.985 0.941 0.992 0.964
Optimal Baseline (λ3 = 0.1 / 10.0) 0.986 0.952 0.989 0.969
λ3 = 10.0 (Weibo) / 20.0 (Weibo-21) 0.984 0.937 0.991 0.967

∗ Note: For the Weibo dataset, λ1 is dynamically scaled by the warm-up schedule min(1.0, epoch/10).

Table 7: Parameter sensitivity of OVLAFND on Weibo and Weibo-21. Results are reported in AUC and
Macro-F1.

Setting Weibo Weibo-21

Full OVLAFND 0.952 0.969
w/o Llogic 0.944 0.963
w/o Lortho 0.942 0.961
w/o Lalign 0.935 0.962

Table 8: Results of the loss component ablation
study.

assignment. On Weibo-21, τ = 0.05, 0.10, and
0.20 achieve Macro-F1 scores of 0.9668, 0.9691,
and 0.9659, respectively. The best performance
τ = 0.10 suggests a proper balance between as-
signment sharpness and excessive smoothing.

Impact of Logic Consistency (λ1). The logic
loss weight λ1 controls how strongly the model
responds to counterfactual anomalies generated by
LADA. Reducing it to 0.1 leads to a clear F1 drop
(e.g., 0.930 on Weibo), suggesting that weaker log-
ical supervision is insufficient. Increasing it to
0.4 also lowers F1 (0.938 on Weibo and 0.963 on
Weibo-21), indicating that an overly strong logic
penalty can interfere with the main classification
objective. With λ1 = 0.2, the model achieves the
best balance in our search.

Impact of Orthogonal Disentanglement (λ2).
The orthogonal constraint ensures prototype diver-
sity and prevents topic collapse. When λ2 is set
lower than optimal (e.g., 0.02 on Weibo), the F1
drops to 0.940 due to potential feature entangle-

ment among the latent prototypes. On the other
hand, scaling it too high (λ2 = 0.20) forces unnat-
ural geometric separation between closely related
topics, harming the contextual semantic fusion and
lowering the F1 score.

Impact of Semantic Alignment (λ3). The pa-
rameter λ3 controls the strength of semantic align-
ment between the latent clusters and the LLM-
derived anchors. Weibo-21 benefits from a stronger
alignment penalty (λ3 = 10.0), whereas Weibo
performs better with a milder setting (λ3 = 0.1).
Applying λ3 = 10.0 to Weibo reduces F1 to 0.937,
while lowering Weibo-21 to λ3 = 0.1 reduces its
F1 to 0.964. This suggests that semantic anchoring
is useful, but its weight should be calibrated to the
representation scale of each dataset.

A.8 Ablation of Loss Components
To further isolate the contribution of each auxil-
iary objective, we independently remove one loss
term while keeping the remaining architecture and
training configuration unchanged. The results are
reported in Table 8.

Removing each auxiliary objective consistently
reduces performance on both datasets. Llogic pro-
vides direct supervision for distinguishing the orig-
inal and counterfactual image-text relations, Lortho

prevents redundant prototype directions, and Lalign

connects the learned topic representation with the
offline semantic reference. These results indicate
that the three objectives provide complementary
supervision.
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