
Findings of the Association for Computational Linguistics: ACL 2026, pages 4848–4861
July 2-7, 2026 ©2026 Association for Computational Linguistics

Do Not Guess, Verify: Logic-Guided Adaptive Reasoning for Multimodal
Misinformation Detection

Kun Huang1,2, Rui Qiu2, Xiaoming Li2* and Salah Uddin2

1Macao Polytechnic University
2Zhejiang Yuexiu University

tiskun101@gmail.com, lxm696@tju.edu.cn

Abstract
Recent advances in Large Vision–language
Models (VLMs) suggest their potential for mul-
timodal misinformation detection. However,
existing multimodal misinformation detectors
often fail to effectively integrate them, relying
instead on passive aggregation of multimodal
features and social signals. Such correlation-
driven paradigms are vulnerable to spurious
associations and multimodal noise, and lack
explicit verification mechanisms. In this paper,
we propose Logic-Guided Adaptive Reasoning
(LoGAR), a verification-oriented framework
that integrates VLMs into multimodal misin-
formation detection through explicit rationale-
guided reasoning. LoGAR leverages a VLM
to generate an explicit verification rationale,
which serves as a global semantic anchor to
condition the entire reasoning process. Con-
cretely, the rationale functions as an active
query to guide multimodal feature fusion and
as a conditioning signal to modulate message
passing over heterogeneous social graphs, en-
abling hypothesis-aware evidence aggregation.
Furthermore, LoGAR introduces an instance-
aware adaptive depth mechanism that dynami-
cally determines the required reasoning depth.
Experimental results on multiple multimodal
misinformation benchmarks demonstrate that
LoGAR consistently outperforms state-of-the-
art methods while significantly reducing com-
putational cost.

1 Introduction

The proliferation of multimodal misinformation on
social media has become a growing threat to public
discourse (Yan et al., 2025; Wu et al., 2023). Un-
like early-stage rumor news relying on blatant tex-
tual falsehoods (Horne and Adali, 2017), modern
misinformation exploits the semantic gap between
modalities—strategically pairing authentic images
with misleading captions or recontextualizing his-
torical visuals to fabricate evidence (Aneja et al.,
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Figure 1: Comparison between our framework and pre-
vious approaches.

2023; Shu et al., 2017). Detecting such content
goes beyond surface-level pattern recognition and
instead requires explicit logical verification across
modalities.

However, as illustrated in Figure 1, most exist-
ing detection paradigms (Yan et al., 2024; Peng
et al., 2024; Li et al., 2024) still rely on passive
aggregation, treating the reasoning process as an
implicit black box. In multimodal settings, tradi-
tional architectures (Chen et al., 2022) and recent
LLM-based detection pipelines (Tahmasebi et al.,
2024) typically perform indiscriminate fusion of
visual and textual features. Such blind fusion fails
to distinguish evidential cues from incidental corre-
lations, allowing irrelevant signals—such as emo-
tional language or visual clutter—to dominate pre-
dictions and dilute critical forensic evidence (Ma
et al., 2024; Chen et al., 2023). While graph-based
approaches incorporate attention mechanisms or di-
rectional propagation to model social context, their
weighting strategies are typically structure-driven
or data-dependent, rather than verification-aware
(Hu et al., 2025; Zheng et al., 2022; Lu et al., 2025).
As a result, message passing is not explicitly con-
ditioned on the specific claim or hypothesis under
scrutiny, causing heterogeneous neighbors—such
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as irrelevant discussions, adversarial users, and gen-
uine fact-checking comments—to be aggregated
without task-specific discrimination, leading to se-
mantic drift and inefficient computation where triv-
ial and complex cases are processed with equal
depth.

To address these limitations, we propose Logic-
Guided Adaptive Reasoning (LoGAR), a novel
framework that shifts misinformation detection
from passive learning to active, rationale-driven
verification. Inspired by human fact-checking pro-
cesses—where hypothesis formulation precedes ev-
idence evaluation (De Neys and Glumicic, 2008)-
LoGAR follows the principle of “Do Not Guess,
Verify.” Specifically, before performing multimodal
or social reasoning, our model leverages a Vision-
Language Model (VLM) to generate an explicit
rationale, which serves as a semantic controller for
the entire inference pipeline.

LoGAR incorporates this rationale into a unified
heterogeneous graph framework through three key
components. First, Rationale-Guided Multimodal
Fusion enables content-level verification by using
the rationale representation as an active query to
retrieve relevant visual and textual evidence, ex-
plicitly filtering task-irrelevant noise and aligning
feature representations with the verification logic.
Second, Rationale-Aware Message Passing extends
this guidance to social verification: the rationale
globally conditions graph propagation, adaptively
weighting neighbors based on their relevance to
the hypothesis and effectively suppressing social
noise in heterogeneous interaction graphs. Third,
to improve efficiency, LoGAR introduces an Adap-
tive Depth Control mechanism that dynamically
determines the required reasoning depth for each
instance, produces fast predictions for simple cases
while allocating deeper multi-hop reasoning only
to ambiguous or complex posts.

In summary, our contributions are threefold:

• We introduce a logic-first verification
paradigm that explicitly incorporates ra-
tionales to guide multimodal and social
reasoning, mitigating semantic drift.

• We propose a unified architecture in which a
single rationale vector orchestrates both fine-
grained feature extraction and coarse-grained
graph propagation, ensuring semantic consis-
tency across modules.

• We present the instance-aware adaptive depth

mechanism for multimodal misinformation
detection, achieving state-of-the-art perfor-
mance with substantially reduced computa-
tional overhead.

2 Related work

2.1 Multimodal Misinformation Detection

Early studies on misinformation detection pri-
marily focused on textual features and propaga-
tion patterns (Shu et al., 2017; Vosoughi et al.,
2018). With the increasing prevalence of visu-
ally grounded misinformation, recent work has
shifted toward multimodal approaches that jointly
model textual and visual signals (Khattar et al.,
2019; Cui et al., 2019; Singhal et al., 2020). Sub-
sequent models introduce attention-based fusion
or pretrained vision–language encoders to enhance
cross-modal interaction (Wu et al., 2021; Li et al.,
2022; Qi et al., 2023; Liu et al., 2024b). Despite
these advances, most multimodal detectors remain
correlation-driven, relying on implicit feature ag-
gregation to infer veracity. Even when attention
mechanisms are employed, they are typically op-
timized to highlight statistically salient regions or
tokens. Consequently, such models are vulnerable
to multimodal noise and semantic drift, particularly
in cases involving out-of-context images or subtle
cross-modal contradictions.

2.2 Social Context and Graph-based
Reasoning

To incorporate social context beyond content-
level features, a line of work formulates misin-
formation detection as a graph reasoning problem
(Zhang et al., 2024; Hu et al., 2025). Graph neu-
ral network–based models, including propagation-
oriented (Sun et al., 2023) and bidirectional archi-
tectures (Bian et al., 2020), model user interactions,
comment structures, and information diffusion dy-
namics (Jin et al., 2022; Zheng et al., 2022). Ex-
tensions to heterogeneous graphs further encode
multiple node and edge types to reflect the complex-
ity of online ecosystems (Li et al., 2025). While
these models employ adaptive weighting through
attention mechanisms or directional propagation,
their reasoning processes are generally structure-
driven or data-dependent and they tend to aggregate
information from all neighbors based on feature
similarity, failing to distinguish between valuable
debunking comments and malicious noise.
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Figure 2: Overview of the Logic-Guided Adaptive Reasoning (LoGAR) framework. A vision–language model
first generates a verification rationale zr from multimodal input, which globally conditions both multimodal feature
fusion and heterogeneous graph reasoning. The rationale guides cross-attention to filter task-relevant visual and
textual evidence and modulates graph message passing to prioritize hypothesis-consistent neighbors. An adaptive
depth controller dynamically adjusts the reasoning depth for each instance before final classification.

2.3 Large Language Models for
Misinformation Detection

Recent studies have explored the use of large lan-
guage models (LLMs) for misinformation detec-
tion, leveraging their strong semantic understand-
ing and reasoning capabilities (Hu et al., 2024; Liu
et al., 2024a; Hu et al., 2025; Zhang et al., 2025;
Tong et al., 2025). Existing efforts primarily fall
into two categories: prompt-based classification,
where LLMs directly predict veracity from raw in-
puts (Guan et al., 2024; Qi et al., 2024), and hybrid
pipelines, where LLM-generated features or expla-
nations are integrated into downstream classifiers
(Huang et al., 2025; Luo et al., 2024). Although
LLMs exhibit promising zero-shot or few-shot per-
formance, most current approaches treat them as
black-box predictors or auxiliary feature extractors.
The reasoning traces or explanations generated by
LLMs are seldom integrated into the model’s inter-
nal decision-making process, and thus do not ac-
tively guide multimodal fusion or social reasoning.
In contrast, explicit utilization of LLM-generated
rationales as control signals for structured reason-
ing remains underexplored.

3 Methodology

3.1 Problem Formulation

Rather than treating multimodal misinformation de-
tection as a purely correlation-driven classification
problem, we frame it as a logic-guided verification

process. As shown in Figure 2, given a multimodal
news item, the model first generates a rationale that
specifies what to verify, and then aggregates multi-
modal and social evidence in a manner conditioned
on this rationale to assess its validity.

Formally, let D = {(Ci, yi)}Ni=1 denote a dataset
of multimodal news instances, where each item
Ci = (Ti, Vi) consists of textual content Ti and
visual content Vi, and yi ∈ {0, 1} denotes the cor-
responding veracity label (real or fake). The objec-
tive is to learn a mapping function F : (T, V ) → y
that predicts the credibility of a news item.

3.2 Rationale Generation via VLM
To enable hypothesis-conditioned verification, we
employ a Vision–Language Model (VLM) to gener-
ate a high level verification rationale for each multi-
modal news instance. Given an input C = (T, V ),
the VLM is prompted to produce an initial verdict
ŷ0 and a textual rationale r0:

(ŷ0, r0) = argmax
ŷ,r

PVLM(ŷ, r | T, V ; Θpre) (1)

where Θpre denotes the pre-trained parameters of
the VLM. The generated rationale r0 serves as an
explicit verification objective that specifies what
to verify, such as discrepancies between described
events and visual evidence.

3.3 Rationale-Guided Multimodal Fusion
For each multimodal news instance, the rationale r0
generated by the VLM is retained and transformed
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into a semantic guidance signal that conditions sub-
sequent evidence aggregation. Rather than serving
as an auxiliary feature, the rationale explicitly spec-
ifies the verification objective, directing the model
to focus on evidence relevant to the hypothesized
inconsistency.

Multi-grained Feature Encoding. We employ
three parallel encoders to extract representations
from different modalities:

zr = Enc(r0) ∈ Rdr (Guidance Signal) (2)

zt = Enc(T ) ∈ Rdt (Textual Content) (3)

zi = Enc(V ) ∈ Rdi (Visual Evidence) (4)

where Enc(·) denotes modality-specific encoders.
The rationale representation zr encodes a high-
level semantic condition that determines what to
verify, while zt and zi provide factual textual and
visual evidence.

Rationale-Guided Initialization. Unlike prior
multimodal approaches that indiscriminately con-
catenate features, we perform rationale-guided mul-
timodal fusion to obtain a noise-filtered initializa-
tion for the central post node. Specifically, the
rationale vector zr is used as a query to selectively
attend to multimodal evidence from textual and
visual features:

h(0)
vp

= Fattn
(
Q = zr, K = [zt|zi], V = [zt|zi]

)
,

(5)
where Fattn(·) denotes a cross-attention-based
modality interaction module. This design ensures
that the initial node representation emphasizes ev-
idence relevant to the verification objective, mit-
igating the influence of irrelevant or misleading
multimodal signals.

By conditioning feature fusion on the rationale,
LoGAR addresses the “garbage in, garbage out” is-
sue commonly encountered in graph-based reason-
ing: without such guided initialization, subsequent
message passing may propagate noisy or irrelevant
information, even if graph aggregation weights are
carefully learned.

3.4 Adaptive Evidence Aggregation
Heterogeneous Graph Construction. Based on
the noise-filtered initialization h

(0)
vpost , we construct

a heterogeneous graph G = (V, E) to model both
content and social context. The node set V in-
cludes the central post node vpost, as well as auxil-
iary nodes representing users (vu) and comments

(vc). These nodes form a structurally heteroge-
neous graph that captures diverse evidence sources.
Rather than introducing type-specific reasoning op-
erators, we adopt a unified rationale-aware atten-
tion mechanism, allowing the model to verify the
same hypothesis across heterogeneous neighbors
in a consistent manner. Edges in E encode hetero-
geneous relations such as authorship, interaction,
and semantic association. Message passing is per-
formed over this graph to aggregate evidence from
multi-source neighbors.

Rationale-Aware Message Passing We concep-
tualize the rationale vector c as a "query" that filters
neighbor information. For a node v and its neigh-
bor u ∈ N (v) at layer l, the attention coefficient
e
(l)
vu is computed not just by node features, but by

their compatibility with the rationale:

e(l)vu = LeakyReLU
(
aTτ(u)

[
h̃(l)
v ∥ h̃(l)

u ∥λc
])

(6)
where h̃

(l)
v = W(l)h

(l)
v represents the linearly

transformed node features and aτ(u) is a type-
specific attention vector for node type τ(u). The
∥ denotes concatenation and λ is a gating factor.
Meanwhile, the c ∈ Rd is a global conditioning
vector projected from the rationale embedding, de-
fined as c = Wczr, with Wc being a learnable
parameter.

The normalized attention weight α(l)
vu is obtained

via Softmax:

α(l)
vu =

exp
(
e
(l)
vu

)

∑
k∈N (v) exp

(
e
(l)
vk

) (7)

A high α(l)
vu implies that neighbor u constitutes a

critical piece of the chain of evidence, ensuring
the aggregation focus is logic-aligned. Finally, the
rationale-guided node representation is updated by
aggregating the weighted neighbor features:

h(l+1)
v = σ


 ∑

u∈N (v)

α(l)
vuh̃

(l)
u


+ h(l)

v (8)

Intuitively, by injecting the global condition c
into the attention calculation, Eq. (8) explicitly pe-
nalizes neighbors that are semantically dissonant
with the VLM’s reasoning. This effectively prunes
irrelevant structural noise at the feature level, en-
suring the graph reasoning remains strictly aligned
with the verification intent.
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3.5 Adaptive Depth Control
Unlike message passing, which determines how
evidence is aggregated, adaptive depth control fo-
cuses on deciding when sufficient evidence has
been accumulated to verify the hypothesis. We
model the reasoning depth selection in an MDP-
inspired decision process, where a policy network
πθ dynamically determines whether further graph
expansion is necessary.

At each reasoning layer l, the policy observes
a state sl constructed by jointly considering the
current central node representation h

(l)
vp , the global

rationale vector c, and the initial uncertainty p0
produced by the VLM:

sl = MLPstate(h
(l)
vp ∥c∥ψ(p0)), (9)

where ψ(·) denotes a sinusoidal embedding that
maps the scalar uncertainty into a high-dimensional
space and p0 denotes the maximum probability of
the VLM’s initial prediction. The policy outputs an
action distribution:

P (al | sl) = Softmax(Wpsl), (10)

with actions al ∈ {STOP, CONTINUE}.
If al = STOP, the reasoning process terminates

early, and the current representation h
(l)
vp is used for

final prediction:

ŷ = Softmax(MLPcls(h
(l)
vp )). (11)

Otherwise, the model proceeds to the next reason-
ing layer to aggregate additional evidence. By ex-
plicitly conditioning the policy on the rationale and
uncertainty, LoGAR avoids redundant reasoning
on trivial cases while preserving sufficient depth
for ambiguous instances.

3.6 Optimization and Training
To ensure the framework achieves accurate verifica-
tion while maintaining efficiency and logical con-
sistency, we employ a multi-task learning objective.
The total loss Ltotal comprises three components:
classification accuracy, policy optimization, and
semantic alignment.

Classification Loss: For the final verification
task, we minimize the standard Cross-Entropy loss
between the predicted probability ŷ and the ground
truth y:

Lcls = −E(C,y)∼D [y log ŷ + (1− y) log(1− ŷ)]
(12)

Policy Gradient Loss: To optimize the depth
control policy πθ, we subtract a moving-average
baseline from the reward, following standard RE-
INFORCE practice. We define a hybrid reward
function R that balances accuracy and computa-
tional cost:

R = I(ŷ = y)− λcost

(
lused
lmax

)
(13)

where I(·) is the indicator function for correct pre-
diction, and lused is the reasoning depth. The policy
loss is defined to maximize the expected reward:

Lrl = −Eal∼πθ
[R · log πθ(al | sl)] (14)

Semantic Alignment Constraint: A core risk
in GNN reasoning is semantic drift, where the
node representation diverges from the initial log-
ical premise after multiple aggregation hops. To
mitigate this, we treat the projected rationale c =
Wczr as a semantic anchor. We impose a cosine
embedding loss to force the final graph represen-
tation h

(final)
vp to remain directionally consistent

with the VLM’s priors:

Lalign =

∣∣∣∣∣
h
(final)
vp

|h(final)
vp |2

− c

|c|2

∣∣∣∣∣

2

2

(15)

The final objective function effectively synchro-
nizes the "intuition" of the VLM with the "deliber-
ation" of the GNN:

Ltotal = Lcls + γ1Lrl + γ2Lalign (16)

This constraint ensures that the structural reasoning
refines, rather than contradicts, the large model’s
linguistic reasoning.

4 Experiments

4.1 Experiment Setting
Datasets Following prior work (Hu et al., 2025;
Ma et al., 2024), we evaluate LoGAR on two
widely used multimodal rumor detection bench-
marks: PHEME (Zubiaga et al., 2017) (English)
and Weibo (Song et al., 2019) (Chinese). PHEME
consists of Twitter discussions surrounding break-
ing news events, while Weibo is collected from
the Sina Weibo platform. Both datasets provide
aligned textual content, images, and user com-
ments, enabling multimodal and social-context rea-
soning. Additional dataset statistics and prepro-
cessing details are provided in Appendix B.
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Baselines We compare LoGAR with several
state-of-the-art baselines covering traditional mul-
timodal models, LLM-based methods, and large
vision–language models (LVLMs). Traditional
methods (e.g., ENDEF, EANN, MVAE, FND-
CLIP) primarily focus on text–image fusion, while
MFAN further models social graphs but relies
on fixed-depth propagation. LLM-based methods
(ARG, GLPN) introduce generative reasoning but
lack adaptive inference control. Recent LVLMs
(Qwen2/3-VL, LLaMA-3.2-V, InternVL2.5) per-
form end-to-end multimodal prediction without ex-
plicit structural verification.

In contrast, LoGAR uniquely unifies multimodal
perception, heterogeneous graph reasoning, and
instance-adaptive depth control. Detailed compar-
isons are deferred to Appendix C.

4.2 Overall Performances
Table 1 reports the performance comparison on
the Weibo and PHEME datasets. Overall, LoGAR
consistently achieves the best results across all eval-
uation metrics, indicating the effectiveness of in-
corporating rationale-guided and adaptive graph
reasoning for multimodal misinformation detec-
tion. Unless otherwise stated, we use Qwen3-VL
as the default rationale generator, as it achieves
the best overall performance in our ablation study
(Appendix D).

• We first observe that general-purpose large
vision-language models (e.g., Qwen2-VL,
Llama-3.2-V, InternVL2.5) exhibit limited
performance when directly applied to verac-
ity classification, particularly on PHEME,
where Qwen2-VL attains only 40.89% accu-
racy. Although scaling to stronger models
(e.g., Qwen3-VL) yields noticeable improve-
ments, these models remain substantially be-
hind graph-based detectors. This suggests that
relying solely on holistic multimodal reason-
ing, without explicitly modeling social con-
text or evidence propagation, is insufficient
for robust misinformation verification. In con-
trast, LoGAR integrates VLM-generated ra-
tionales as guidance signals rather than final
decision-makers, enabling downstream mod-
ules to ground the reasoning process in struc-
tured evidence.

• Comparing traditional multimodal classifiers
(e.g., FND-CLIP, EANN) with graph-based
methods (e.g., MFAN, GLPN), we observe

that incorporating user interaction and prop-
agation structure generally leads to stronger
performance. For example, GLPN improves
accuracy over FND-CLIP by 2.54% on Weibo,
highlighting the importance of contextual ev-
idence beyond content-level cues. However,
these gains are achieved with fixed aggrega-
tion strategies, which may still introduce irrel-
evant or redundant information during reason-
ing.

• Finally, when compared with the strongest
baseline GLPN, LoGAR shows consistent im-
provements across all metrics, with particu-
larly notable gains in AUC (+5.40% on Weibo
and +5.18% on PHEME). We attribute this
improvement to LoGAR’s adaptive reasoning
mechanism, which dynamically adjusts the
depth of evidence aggregation based on in-
stance difficulty and conditions message pass-
ing on the global rationale. This design allows
the model to selectively accumulate relevant
evidence while avoiding unnecessary aggrega-
tion, resulting in more stable and discrimina-
tive representations.

4.3 Ablation Studies

To assess the contribution of each component in
LoGAR, we perform ablation studies by systemati-
cally removing individual modules: (1) w/o Ratio-
nale, which removes the VLM-generated rationale;
(2) w/o Guided Fusion, which replaces rationale-
guided fusion with standard multimodal fusion;
(3) w/o Hetero, which removes the heterogeneous
graph structure; (4) w/o Adaptive, which disables
adaptive depth control; and (5) w/o Visual, which
excludes visual features. The comparison results
are visualized in Figure 3.

Across both datasets, removing the rationale
guidance (w/o Rationale) leads to the most sub-
stantial degradation across all metrics, particularly
in Acc and F1. This indicates that, without an ver-
ification hypothesis, the graph reasoner struggles
to distinguish evidence relevant to veracity from
topically related but uninformative neighbors. In
contrast, the full model benefits from using the
rationale as a global semantic condition, which
consistently stabilizes performance across different
metrics.

The w/o Guided Fusion variant also shows a no-
ticeable decline, though less severe than removing
the rationale entirely. This suggests that not only
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Table 1: Performance comparison on Weibo and PHEME datasets. Mean ± standard deviation over 5 runs with
different random seeds. The best results are highlighted in bold.

Methods Weibo PHEME

Acc Prec Rec macF1 AUC Acc Prec Rec macF1 AUC

Qwen2-VL 49.48± 3.12 57.97± 3.25 55.69± 3.05 49.86± 3.18 58.86± 4.95 40.89± 4.30 56.14± 3.22 54.51± 3.15 40.20± 3.28 55.70± 3.02
Llama-3.2-V 59.11± 3.92 61.90± 3.98 59.74± 3.88 59.65± 3.95 59.93± 3.82 30.75± 4.10 49.27± 4.05 49.88± 4.12 44.93± 4.08 49.89± 4.95
InternVL2.5 61.56± 3.85 63.12± 3.88 61.56± 3.82 61.97± 3.86 61.29± 3.78 59.38± 3.92 57.28± 3.95 59.38± 3.89 56.42± 3.93 62.57± 3.85
Qwen3-VL 68.17± 3.75 73.35± 3.79 70.81± 3.72 68.31± 3.76 74.85± 3.68 63.65± 3.82 61.54± 3.85 53.74± 3.78 55.70± 3.81 55.27± 3.75

ENDEF 71.53± 1.62 74.35± 1.65 69.28± 1.58 70.83± 1.60 76.35± 1.55 65.82± 1.68 64.69± 1.71 65.39± 1.65 64.15± 1.67 69.40± 1.61
EANN 75.28± 0.95 76.13± 0.88 71.25± 0.82 73.26± 0.86 77.85± 0.89 70.17± 1.22 71.28± 1.05 67.36± 0.99 69.10± 1.01 74.20± 0.96
MVAE 77.16± 1.51 75.32± 1.54 87.83± 2.48 80.14± 1.52 82.45± 2.45 81.37± 1.58 79.53± 1.61 81.22± 1.55 79.43± 1.59 83.60± 2.52
FND-CLIP 87.93± 1.38 87.62± 1.41 86.59± 1.35 86.83± 1.39 89.75± 1.32 86.85± 1.42 86.37± 1.45 86.14± 1.38 87.49± 1.43 87.49± 1.36
MMDFND 76.66± 0.95 76.32± 0.98 75.41± 0.92 76.37± 0.96 79.92± 0.90 81.25± 1.02 79.22± 1.15 79.11± 1.29 79.69± 1.21 82.55± 1.08
MFAN 88.35± 0.85 88.61± 0.78 87.53± 0.82 88.33± 0.86 90.62± 0.79 87.93± 0.89 87.47± 0.92 84.65± 0.85 86.14± 0.88 89.93± 0.84
ARG 89.53± 0.82 89.89± 0.85 90.22± 0.80 90.57± 0.83 91.67± 0.78 88.28± 0.76 88.12± 0.89 85.29± 0.83 87.53± 0.85 89.15± 0.81
GLPN 90.47± 1.28 89.35± 0.51 92.02± 0.56 91.68± 0.59 92.10± 0.54 88.68± 0.53 88.27± 0.56 86.11± 1.30 86.32± 1.32 90.05± 1.28

LoGAR 93.36 ± 0.57 92.82 ± 0.57 93.52 ± 0.73 93.10 ± 0.60 97.50 ± 0.25 90.18 ± 0.18 89.98 ± 0.19 84.87 ± 0.21 86.71 ± 0.26 95.23 ± 0.23

the presence of the rationale, but its explicit use as
a query during multimodal fusion, is important for
filtering task-irrelevant visual and textual signals
before graph reasoning.

Disabling the adaptive reasoning mechanism
(w/o Adaptive) results in consistent performance
drops, most clearly reflected in Rec on both Weibo
and PHEME. This observation aligns with the in-
tuition that fixed-depth reasoning cannot accom-
modate the varying complexity of misinformation
cases: shallow aggregation may miss long-range
evidence, while deeper aggregation can introduce
unnecessary noise for simpler instances.

Finally, removing the heterogeneous graph (w/o
Hetero) or visual modality (w/o Visual) also de-
grades performance, confirming the importance of
structural context and visual evidence. However,
the relatively larger drop observed in w/o Ratio-
nale compared to w/o Visual suggests that high-
level semantic guidance plays a more central role
than any single modality alone.

Overall, these results indicate that LoGAR’s per-
formance gains stem from the complementary inter-
action between logic-guided representation learn-
ing and adaptive evidence aggregation, rather than
from any isolated component.

4.4 Adaptive Reasoning Analysis

Adaptive vs. Fixed Depth To assess whether
adaptive reasoning is necessary beyond fixed-depth
heuristics, we compare LoGAR with static variants
using k ∈ 1, 2, 3. As shown in Fig. 4, no single
fixed depth consistently dominates across datasets
or metrics. Shallow reasoning (k = 1) fails to ag-
gregate sufficient evidence for interaction-rich sce-
narios, resulting in noticeable performance degra-
dation on Weibo. Conversely, deeper reasoning

Figure 3: Performance comparison of ablation variants
on Weibo and PHEME via radar charts.

(k = 3) introduces redundant or noisy evidence,
leading to precision drops on the noise-sensitive
PHEME dataset.

LoGAR resolves this structural limitation by dy-
namically adjusting reasoning depth at the instance
level. With an average depth of d = 1.83 on Weibo
and d = 1.85 on PHEME, LoGAR consistently out-
performs the strongest fixed-depth baseline across
all metrics. This demonstrates that adaptive depth
selection is not merely a computational optimiza-
tion, but a necessary mechanism for handling het-
erogeneous reasoning demands.

Distribution of Inference Depths To further un-
derstand why fixed-depth reasoning is suboptimal,
we analyze the distribution of inference depths se-
lected by LoGAR across test samples. As illus-
trated in Figure 5, the required reasoning depth
varies substantially among instances, reflecting het-
erogeneous verification difficulty.

On Weibo, while a majority of samples can be
resolved with shallow reasoning (k = 1), a con-
siderable portion requires deeper evidence prop-
agation (k = 3) to reach a reliable decision. In
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Figure 4: Performance comparison between fixed rea-
soning depths (Hop 1-3) and LoGAR’s adaptive policy.
The average reasoning depths (d) of LoGAR are anno-
tated.

Figure 5: Distribution of inference depths selected by
LoGAR across Weibo and PHEME datasets.

contrast, PHEME exhibits a higher concentration
of medium-depth cases, indicating greater sensi-
tivity to noise accumulation. This heterogeneous
depth demand explains why no single fixed-depth
strategy performs consistently well across datasets.

Efficiency Analysis. We further report wall-
clock latency and throughput for the verification
stage on a single NVIDIA RTX 4090 GPU, with
VLM rationale generation treated as offline prepro-
cessing. To reflect per-instance verification latency,
all measurements are conducted with an inference
batch size of 1. As shown in Table 2, compared
with fixed full-depth reasoning, LoGAR reduces
relative FLOPs from 1.00× to 0.57×, decreases
latency from 18.5 to 10.8 ms/sample, and improves
throughput from 54.1 to 92.0 samples/s. Overall,
this corresponds to an approximate 43% reduction
in FLOPs and a 41% speedup in inference latency,
showing that adaptive depth control not only im-
proves performance but also yields clear computa-
tional benefits in practice.

Table 2: Wall-clock efficiency comparison between
fixed full-depth reasoning and LoGAR’s adaptive-depth
policy on the verification stage. VLM rationale genera-
tion is treated as offline preprocessing.

Metric Fixed full-depth LoGAR

Max depth 3 3
Relative FLOPs 1.00× 0.57×
Latency (ms/sample) 18.5 10.8
Throughput (samples/s) 54.1 92.0

4.5 Case Study
Figure 6 provides a qualitative analysis of
LoGAR’s ability to correct LLM hallucinations us-
ing the Sydney Siege case from PHEME. Despite
the post’s claim of gunshot victims being supported
by an image of paramedics, Panel (a) shows that the
VLM’s reliance on parametric intuition leads to a
false-positive ’Real’ verdict. This confirms that se-
mantic consistency between modalities does not al-
ways equate to truthfulness.In Panel (b), LoGAR’s
adaptive reasoning policy triggers a deeper investi-
gation (d = 2.0) upon detecting high uncertainty.
Our Logic-Guided Attention allows for highly se-
lective evidence aggregation. While other static
models might be distracted by emotional responses,
LoGAR assigns significantly higher weights to ver-
ified factual corrections (Comment 3). By sup-
pressing irrelevant social noise and focusing on
dissonant structural cues, LoGAR successfully rec-
tifies the prediction to FAKE. This demonstrates
LoGAR’s capability to ground generative seman-
tics in external structural verification, effectively
bridging the gap between intuition and logic. Addi-
tional case studies on both datasets are provided in
the appendix E.

5 Conclusion

We proposed LoGAR, a logic-guided adaptive
reasoning framework for multimodal misinforma-
tion detection. By reframing detection as an ab-
ductive verification process, LoGAR leverages
VLM-generated rationales as global semantic guid-
ance to filter multimodal noise and regulate graph-
based evidence aggregation. Moreover, an adap-
tive depth policy dynamically determines the suf-
ficient reasoning depth under uncertainty, improv-
ing efficiency without sacrificing accuracy. Exper-
iments across multiple benchmarks demonstrate
that LoGAR consistently outperforms strong multi-
modal and graph-based baselines, while achieving
favorable accuracy–efficiency trade-offs compared
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Figure 6: Case Study — An example where LoGAR
corrects an intuition-driven prediction.

to fixed-depth reasoning. This work highlights the
potential of integrating large vision-language mod-
els with structured graph reasoning for effective
and interpretable multimodal verification.
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Limitations

Despite its effectiveness, LoGAR has several limi-
tations that warrant further investigation.

• The quality of rationale generation remains a
critical dependency. LoGAR assumes that the
VLM-generated rationale provides a meaning-
ful high-level hypothesis to guide subsequent
graph reasoning. Although our experiments
demonstrate that rationale-guided fusion and
reasoning consistently improve performance,
erroneous or overly vague rationales may mis-
lead the evidence aggregation process. While
the proposed semantic alignment and adaptive
depth control partially mitigate this risk, im-
proving the robustness of rationale generation
itself remains an open challenge.

• The construction of heterogeneous graphs re-
lies on predefined entity types and relations
(e.g., users, comments, and posts). While this
design improves interpretability and verifica-
tion structure, it may limit scalability to plat-
forms where metadata is sparse, noisy, or un-
available. Extending LoGAR to dynamically

discover entity types or operate under weaker
structural assumptions is a promising direc-
tion for future work.

• The current framework focuses on post-level
verification and does not explicitly model
long-term temporal evolution of misinforma-
tion. Although adaptive depth control en-
ables selective evidence aggregation across
interaction hops, integrating temporal reason-
ing or cross-event dependencies may further
strengthen the model’s ability to capture evolv-
ing rumor dynamics.

We leave these extensions to future work and be-
lieve that addressing them will further enhance the
generality and robustness of logic-guided adaptive
reasoning frameworks.

Ethics Statement

This work follows the ACM Code of Ethics and
Professional Conduct. We conduct experiments
on publicly available benchmark datasets (Weibo
and PHEME) that have been widely used in prior
research, without collecting new data or identify-
ing individual users. All user-related information
is anonymized, and the proposed method focuses
on content, visual, and structural patterns rather
than user profiling. Proper attribution is given to
all datasets, models, and toolkits used. This work
aims to support safer online information ecosys-
tems through improved misinformation detection.
We emphasize that any downstream deployment of
the proposed method should follow applicable data
protection regulations and platform policies.
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A Implementation Details

We implemented LoGAR using the PyTorch frame-
work (Paszke et al., 2019) and PyTorch Geomet-
ric (Fey and Lenssen, 2019). For the visual back-
bone, we employed ResNet-50 (He et al., 2016)
pre-trained on ImageNet to extract grid features,
while the textual representations were encoded us-
ing a 1D-CNN with a kernel size of 3. The input
images were resized to 224 × 224, and the max-
imum text sequence length was truncated to 100
tokens. All experiments were conducted on a work-
station equipped with an NVIDIA GeForce RTX
4090 GPU and Intel Xeon Platinum 8352V CPUs.
To ensure transparency and reproducibility, we also
provide the full prompt template used for rationale
generation in Figure 7.

Table 3 outlines the specific hyperparameter set-
tings for both Weibo and Pheme datasets. The opti-
mal values were determined through a refined par-
allel random search for each dataset respectively.

B Dataset

We conduct experiments on two real-world multi-
modal rumor detection benchmarks: PHEME (Zu-
biaga et al., 2017) and Weibo (Song et al., 2019).
PHEME is an English-language dataset consisting

Table 3: Hyperparameter settings of LoGAR on Weibo
and Pheme.

Hyperparameter Weibo Pheme

Optimizer Adam Adam
Learning Rate (LR) 2.98e-4 2.60e-4
Batch Size 32 32
Max Hops (K) 3 3
Hidden Dim (d) 64 64
Fusion Heads 4 4

Reinforcement Learning Rewards

Early Stop (rstop) 0.1190 0.0919
Continue (rcont) 0.0691 0.0859
Exploration (rexp) 0.0977 0.0825

of Twitter threads related to five breaking news
events, while Weibo is a Chinese dataset collected
from the Sina Weibo platform.

Both datasets contain multimodal posts with
associated textual content, images, and user-
generated comments, making them suitable for
evaluating multimodal and graph-based reasoning
methods. Since LoGAR explicitly relies on joint
textual, visual, and social graph features, we re-
move samples that lack either textual or visual in-
formation to ensure modality completeness.

After preprocessing, the PHEME dataset con-
tains 2,018 events, including 1,428 non-rumors and
590 rumors, along with 7,388 associated comments.
The Weibo dataset includes 1,467 events (877 non-
rumors and 590 rumors) generated by 985 users,
with a total of 4,534 comments.

C Baseline method

Table 4 summarizes the modeling capabilities of
the baseline methods considered in this work. The
comparison highlights differences in supported in-
put modalities, graph modeling, and whether adap-
tive reasoning is explicitly incorporated during in-
ference.

D Ablation on Vision-Language Models
for Rationale Generation

We investigate the impact of different Vision-
Language Models (VLMs) used for rationale gen-
eration while keeping all other components of
LoGAR fixed. As shown in Table 5, we evaluate
four representative VLMs—Qwen2-VL, LLaMA-
3.2-V, InternVL2.5, and Qwen3-VL—on both
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Figure 7: Rationale generation prompt with example
output

Weibo and PHEME datasets.
Across both datasets, we observe a consistent

performance ranking, where Qwen3-VL achieves
the best accuracy, reaching 93.56% on Weibo
and 90.39% on PHEME. Compared to Qwen2-
VL, Qwen3-VL yields absolute gains of +2.77%
on Weibo and +2.96% on PHEME, indicating
that higher-quality rationales substantially im-
prove downstream reasoning and verification. In-
ternVL2.5 and LLaMA-3.2-V show moderate im-
provements over Qwen2-VL, but remain consis-
tently inferior to Qwen3-VL across both bench-
marks.

Notably, the relative performance trends are
highly stable across the Chinese (Weibo) and En-
glish (PHEME) datasets, suggesting that the effec-
tiveness of VLM-generated rationales generalizes
across languages and domains. This ablation study
demonstrates that while LoGAR is robust to differ-
ent rationale generators, stronger VLMs produce
more informative and reliable rationales, which in
turn facilitate more effective adaptive reasoning.
Based on these observations, we adopt Qwen3-VL
as the default rationale generator in all main exper-
iments.

E Additional Case Studies

To better illustrate how Logic-Guided Adaptive
Reasoning (LoGAR) corrects intuitive yet flawed

Table 4: Comparisons with baseline methods in terms
of modeling capabilities.

Method Text Image Graph Adaptive

Traditional Learning
ENDEF (Zhu et al., 2022) ✓ × × ×
EANN (Wang et al., 2018) ✓ ✓ × ×
MVAE (Khattar et al., 2019) ✓ ✓ × ×
FND-CLIP (Zhou et al., 2023) ✓ ✓ × ×
MMDFND (Tong et al., 2024) ✓ ✓ × ×
MFAN (Zheng et al., 2022) ✓ ✓ ✓ ×

LLM-based Methods
ARG (Hu et al., 2024) ✓ × × ×
GLPN (Hu et al., 2025) ✓ ✓ ✓ ×

Large Vision-Language Models (LVLMs)
Qwen2-VL (Wang et al., 2024) ✓ ✓ × ×
Llama-3.2-V (Team, 2024) ✓ ✓ × ×
InternVL2.5 (Chen et al., 2024) ✓ ✓ × ×
Qwen3-VL (Team, 2025) ✓ ✓ × ×

LoGAR (Ours) ✓ ✓ ✓ ✓

Graph indicates explicit graph-based modeling over social
or relational structures. Adaptive denotes instance-aware
dynamic control of reasoning depth during inference.

Rationale Generator Weibo (Acc.) PHEME (Acc.)

Qwen2-VL 90.79 87.43
LLaMA-3.2-V 91.53 88.72
InternVL2.5 92.88 89.57
Qwen3-VL 93.56 90.39

Table 5: Ablation study on different Vision-Language
Models for rationale generation. All other components
of LoGAR are fixed, and only the VLM used for ratio-
nale generation is varied.

multimodal predictions, we present two representa-
tive case studies shown in Figure 8& 9. Both ex-
amples highlight a common failure mode of vision-
language models (VLMs): over-reliance on surface-
level visual–textual consistency while ignoring la-
tent logical contradictions revealed through social
context.

Crisis-Related Breaking News In the first exam-
ple, the post claims that police have taken down a
suspect at Martin Place, with potential relevance
to an ongoing siege. The accompanying image de-
picts police officers restraining an individual in a
public area.

The VLM predicts the post as REAL with high
confidence (0.95), based on apparent alignment be-
tween the visual content (police action) and the
textual description. The generated rationale fo-
cuses on descriptive consistency and the absence
of obvious visual manipulation, without explicitly
verifying the factual claim regarding the event’s
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Figure 8: Case Study on the PHEME dataset. A corre-
sponding example demonstrating LoGAR’s ability to
rectify intuition-driven errors.

relation to the siege.
LoGAR reformulates the task as a hypothesis

verification problem and assigns higher attention
to comments containing factual negation or tem-
poral inconsistency (e.g., reports stating that the
incident is not related to the siege). Through multi-
hop aggregation of logically relevant comments,
LoGAR identifies a consistent contradiction to the
original claim and corrects the prediction to FAKE
(confidence 0.9938).

This case demonstrates that visual plausibility
alone is insufficient for misinformation detection
in fast-evolving news scenarios.

Figure 9: Case Study on the Weibo dataset. An example
where LoGAR corrects an intuition-driven prediction
via dynamic reasoning.

Viral Pet Ownership Claim on Social Media
The second example involves a viral post asserting
that a specific monkey breed is legally purchasable

and suitable as a household pet, supported by multi-
ple images of a monkey in domestic environments.

The VLM predicts the post as REAL (confidence
0.95), relying on the coherence between the images
and the textual description. Positive sentiment and
aesthetic appeal dominate the reasoning process,
while implicit claims regarding legality and safety
remain unexamined.

Across both cases, LoGAR consistently miti-
gates a key failure mode of VLM-based misin-
formation detection: over-reliance on local vi-
sual–textual alignment. By explicitly incorporat-
ing logic-guided attention and multi-step reasoning
over social context, LoGAR enables systematic
correction of intuitive but incorrect predictions.

F Efficiency–Performance Trade-off
Analysis

To further analyze the behavior of LoGAR’s adap-
tive reasoning policy, we investigate the trade-off
between predictive performance, computational ef-
ficiency, and decision stability. Figure 10 visualizes
the hyperparameter search landscape, where Effi-
ciency is defined as the inverse of the average rea-
soning depth (1/Depth), Accuracy reflects classifi-
cation performance, and Consistency corresponds
to the early-stopping reward weight that regularizes
policy stochasticity.

(a) Weibo (b) PHEME

Figure 10: Trade-off between accuracy, efficiency
(1/Depth), and consistency in LoGAR. The red star
indicates the selected Pareto-optimal configuration..

The resulting surface reveals a clear Pareto-
optimal region: shallow reasoning leads to insuffi-
cient evidence aggregation, while excessive depth
yields diminishing returns with higher computa-
tional cost. By modulating the consistency reward,
LoGAR learns to terminate reasoning once suffi-
cient evidence is accumulated, achieving a judi-
cious balance between accuracy and efficiency.
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