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Abstract
The proliferation of fake news videos on social me-
dia has heightened the demand for credible verifi-
cation systems. While existing methods focus on
detecting false content, generating human-readable
explanations for such predictions remains a critical
challenge. Current approaches suffer from spuri-
ous correlations caused by two key confounders:
1) video object bias, where co-occurring objects
entangle features leading to incorrect semantic as-
sociations; and 2) explanation aspect bias, where
models over-rely on frequent aspects while neglect-
ing rare ones. To address these issues, we pro-
pose CIFE, a causal inference framework that dis-
entangles confounding factors to generate unbi-
ased explanations. First, we formalize the prob-
lem through a Structural Causal Model (SCM) to
identify confounding factors. We then introduce
two novel modules: 1) the Interventional Video-
Object Detector (IVOD), which employs backdoor
adjustment to decouple object-level visual seman-
tics; and 2) the Interventional Explanation Aspect
Module (IEAM), which balances aspect selection
during multimodal fusion. Extensive experiments
on the FakeVE dataset demonstrate the effective-
ness of CIFE, which generates more faithful ex-
planations by mitigating object entanglement and
aspect imbalance. Our code is available at https:
//github.com/Lieberk/CIFE.

1 Introduction
The detection of fake news videos aims to identify and flag
misleading or fabricated news video content disseminated
across media platforms. Given its profound impact on public
opinion [Sundar et al., 2021], public safety [Schoenherr and
Thomson, 2020], and personal trust systems [Nakov and Mar-
tino, 2021], this task has garnered increasing attention. While
early research primarily focused on binary accuracy classifi-
cation, such approaches typically fail to provide transparent
justifications for their predictions, limiting their practical util-
ity in real-world scenarios. To bridge this gap, recent studies
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News Title: Electricians rescue woman trapped in power lines on a high-voltage tower.

Baseline: The video show electricians on a high-voltage tower and a woman trapped 
in power lines, indicating that the electricians rescued the trapped individual...

Ours: The video starts with electricians and a high-voltage tower but later shifts to a 
firefighter and a man trapped in power lines, suggesting the two scenes are from 
different events, which highlights the inconsistency of the video content.
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Figure 1: Examples of fake correlations in fake news videos, where
the orange indicates visual semantic words that may lead to bias, and
the generated correct and incorrect words are colored in green and
red, respectively.

have shifted toward explainable fake news analysis [Zhang
et al., 2021; Wang et al., 2024a], which generates human-
comprehensible rationales to elucidate why given content is
identified as misinformation. Building upon this paradigm,
Chen et al. [2025] introduced the Fake News Video Explana-
tion (FNVE) task, designed to produce explanations by ana-
lyzing inconsistencies between video content and associated
textual (e.g., logical fallacies in videos [McCrae et al., 2022]
or visual-textual mismatches [Choi and Ko, 2021]). Despite
promising results, this pioneering work remains vulnerable to
data biases from two issues that undermine the reliability and
generalizability of generated explanations.

The first critical issue stems from video object bias, a phe-
nomenon where spurious correlations between co-occurring
objects distort feature representations. As illustrated in Fig-
ure 1, conventional FNVE systems employ pre-trained Faster
R-CNN [Ren et al., 2016] to extract region-based object fea-
tures from video frames [Shang et al., 2021]. However,
our analysis reveals that when objects frequently co-occur,
such models tend to encode entangled semantics. For in-
stance, the visual features of electricians often absorb contex-
tual attributes of power lines due to their high co-occurrence
frequency in training data. This entanglement introduces a
confounder effect: power lines act as object confounders,
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Figure 2: Explain spurious correlations between different aspects on
the FNVE dataset.

creating a shortcut path [Geirhos et al., 2020] that erro-
neously associates background elements (power lines) with
foreground semantics (electricians). Consequently, when
contextual noise dominates, the model may fail to recognize
correct semantic concepts (e.g., identifying firefighters). De-
spite its prevalence, prior work has not explicitly addressed
this bias in video representation learning, resulting in unreli-
able explanations.

The second critical issue arises from training bias in ex-
planation aspects, a phenomenon unique to fake news expla-
nation. Following Chen et al. [2025] taxonomy, we catego-
rize explanations into four distinct aspects: Contextual Dis-
honesty (CD), Splice Tampering (ST), Synthetic Voiceover
(SV), and Contrived Absurdity (CA). As shown in Figure 2
(a), our analysis of the FNVE dataset reveals significant class
imbalance across these aspects, with CD-related samples sub-
stantially outnumbering CA examples. This skewed distribu-
tion mirrors real-world trends [Murdoch et al., 2019] where
certain manipulation techniques are more prevalent in fake
news videos. During the inference phase (Figure 2 (b)), when
presented with CA-aspect fake news videos, the model erro-
neously generates CD-oriented explanations due to overexpo-
sure to CD aspects during training.

To address these challenges, we formulate the Fake News
Video Explanation (FNVE) generation process through a
causal graph that explicitly models two key confounding fac-
tors: video object confounders and explanation aspect con-
founders. This leads to our proposed Causal Inference-based
Fake news video Explanation (CIFE) framework, which pri-
marily consists of two novel components: 1) the Inter-
ventional Video-Object Detector (IVOD), which integrates
causal inference into Faster R-CNN [Ren et al., 2016] to dis-
entangle region-based visual semantics and effectively elimi-
nate object-level confounding effects (e.g., separating the en-
tangled features of co-occurring objects); and 2) the Inter-
ventional Explanation Aspect Module (IEAM), which applies
causal intervention to Transformer-encoded [Lewis et al.,
2021] multimodal representations to mitigate aspect-related
biases during explanation generation. The final explanations
are produced by a Transformer decoder that operates on these

debiased representations, yielding more reliable and robust
outputs. Our contributions are summarized as follows:

• We propose CIFE, a fake news video explanation frame-
work based on SCM, which explicitly decouples object-
level semantic entanglement and explanation aspect dis-
tribution bias through causal intervention, overcoming
the limitations of traditional methods that rely on corre-
lation learning.

• We design the IVOD module to decouple visual fea-
tures in dynamic scenes and the IEAM module to bal-
ance aspect preferences in multimodal explanation gen-
eration. Their synergy effectively eliminates spurious
correlations for low-frequency forgery types.

• Our causal framework CIFE is compatible with exist-
ing multimodal models. On the FakeVE benchmark, it
achieves improvements of 16.2% in BLEU-1 and 20.1%
in ROUGE-L, with extensive experiments validating the
critical role of causal intervention in ensuring explana-
tion faithfulness.

2 Related Work
2.1 Multimodal Fake News Explanation
Multimodal fake news detection aims to verify the verac-
ity of multimodal news posts. Current research has exten-
sively explored diverse dimensions including linguistic pat-
terns [Przybyla, 2020], image quality [Cao et al., 2020], and
cross-modal inconsistencies [Zhou et al., 2020]. However,
several recent works [Yao et al., 2023; Qi et al., 2024] have
attempted to analyze veracity through natural language gen-
eration. For instance, Yao et al. [2023] proposed an end-
to-end multimodal fact-checking and explanation generation
framework that predicts veracity by retrieving relevant evi-
dence and generates explanatory statements.

More recently, Chen et al. [2025] introduced the Fake
News Video Explanation (FNVE) task, accompanied by an
expert-annotated dataset supporting veracity analysis of news
videos. Their approach adopted a generative language model
[Lewis et al., 2021] as backbone and incorporates a multi-
modal relation graph to comprehensively characterize cross-
modal relationships. Despite significant progress in explana-
tory paradigms, the challenge of addressing semantic expla-
nation biases induced by video-text confounders in FNVE re-
mains largely underexplored.

2.2 Causal Intervention
Recently, researchers have begun exploring novel approaches
to integrate causal reasoning into deep learning models.
These efforts have significantly enhanced the performance
of computer vision and natural language processing models
across various tasks, including image classification [Lopez-
Paz et al., 2017], semantic segmentation [Yue et al., 2020],
visual feature representation [Wang et al., 2020], image cap-
tioning [Liu et al., 2022], and dialogue generation [Zhu et
al., 2020]. In the domain of fake news detection, Zhu et al.
[2022] addressed entity bias from a causal perspective to im-
prove model generalizability to future data, while Zeng et al.
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Figure 3: Illustration of the CIFE framework for fake news video explanation.

[2023] proposed a multimodal debiasing framework that pi-
oneered the mitigation of various multimodal biases in fake
news detection. However, these approaches remain insuffi-
cient in analyzing confounding factors specific to news video
content.

3 Method
As illustrated in Figure 3, the CIFE framework employs a
Transformer-based architecture comprising both encoder and
decoder components, with causal reasoning strategically in-
corporated at two stages: 1) during the visual representation
phase for video processing, where we implement interven-
tion mechanisms to address object-level confounding effects;
and 2) in the fusion module following multimodal encoder
processing, where we apply causal adjustments to mitigate
aspect-related biases in the combined representations.

3.1 Interventional Video-Object Detector
This section investigates causal inference in video object de-
tection, aiming to address biased visual representations in-
duced by object-level confounding factors.

Causal Intervention in Video-Object Detection
In causal graphs [Chalupka et al., 2017; Wang et al., 2024b],
a variable is defined as a confounder when it serves as a com-
mon cause of two other variables. As illustrated in Figure
4(a), we construct causal relationships among region-based
visual features X , visual confounder Z, and category labels
Y based on Structural Causal Models (SCM) [Chalupka et
al., 2017], where straight edges denote direct causal connec-
tions between variables. The confounding mechanism oper-
ates through two pathways: 1) The causal effect Z → X oc-
curs because visual features extracted during Faster R-CNN’s
classifier training inevitably incorporate contextual influences

Figure 4: The causal intervention in object detection.

from real-world visual scenes; 2) Simultaneously, the causal
effect Z → Y emerges as visual context systematically bi-
ases the classifier’s probability outputs. Consequently, under
dataset bias conditions, Faster R-CNN learns spurious asso-
ciations between X and Y induced by Z - primarily by over-
utilizing coincidental co-occurrences between visual contexts
and category labels - resulting in biased visual representations
of image regions.

As shown in Figure 4, conventional object detectors, such
as Faster R-CNN, essentially use the likelihood P (Y | X) as
the training objective for the classifier, but this is usually af-
fected by the confounder Z, which leads to false associations.
To see this, we formulate P (Y | X) as follows:

P (Y | X) =
∑
z

P (Y | X,Z = z)P (Z = z | X), (1)

where the confounding factor Z introduces observational
bias through P (z | X). As shown in Figure 4(a),
when P (z = power lines | X = electricians) is
significantly large while P (z = firefighter | X =
electricians) remains relatively small, according to Equa-
tion (1), P (Y = lelectricians | X , z = power lines) dom-
inates over P (Y = lelectricians | X , z = firefighter)
(lelectricians denotes the category label of electricians). Con-
sequently, the classifier erroneously learns spurious associ-
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Figure 5: Frequency statistics of objects in the top 20 categories.

ations between visual features of power lines and the class
label of electricians - meaning the learned RoI features of
electricians actually represent visual characteristics of their
surrounding power lines rather than the authentic features of
electricians themselves.

Recently, several studies have applied causal inference to
deep learning [Wang et al., 2020; Liu et al., 2022; Chen et
al., 2023] with success. Inspired by this, we introduce causal
intervention P (Y | do(X)) into the object detection task to
block the backdoor path X ← Z → Y , where the do com-
putation do(•) is responsible for cutting the path Z → X .
As shown in Figure 4, the backdoor adjustment [Wang et al.,
2020; Chalupka et al., 2017] is calculated as follows:

P (Y | do(X)) =
∑
z

P (Y | X,Z = z)P (Z = z). (2)

where the do-operator P (Y | do(X)) compels X to uni-
formly consider all confounders z in the confounding set dur-
ing prediction of Y . The resulting visual representations con-
sequently achieve higher quality by capturing genuine seman-
tic features rather than artifact correlations, with the interven-
tion effectively ‘borrowing’ counterfactual scenarios to estab-
lish robust causal dependencies.

However, when Eq. (2) is applied to the deep object de-
tection network, the sampling cost will become large, and
the overhead of training time will also increase, resulting in
the infeasibility of evaluating P (Y | do(X)). Fortunately,
by applying the approximate representation of Normalized
Weighted Geometric Mean (NWGM) [Wang et al., 2020;
Xu et al., 2015], Eq. (2) can be approximated as follows:

P (Y | do(X = x)) ≈ P (Y |concat(x, 1
n

n∑
i=1

P (yci | x)zi)),

(3)
where concat(•) denotes the concatenation of vectors, yci is
the i class label, and P (yci | x) is the probability output of the
pre-trained classifier, indicating that x belongs to class yci .

For constructing the video object confounder set Z, we em-
ploy MLLM [OpenAI, 2023] to extract diverse keywords cov-
ering topics, objects, and events from the dataset. These key-
words are clustered into 200 semantically similar and mutu-
ally exclusive categories (e.g., ‘occupation’, ‘disaster’), and
a representative generic word is generated for each category.
These generic words summarize the features of each class in
the data. Figure 5 displays the representations of the top 20

generic category words. Using Faster R-CNN detected vi-
sual object features, we compute the mean Region of Interest
(ROI) features across all samples within each category zi, ul-
timately forming an N×d dimensional confounder dictionary
matrix Z = [z1, z2, . . . , zN ], where N = 200 denotes the vo-
cabulary size. This confounder dictionary supports dynamic
expansion through: 1) semantic similarity-based assignment
of novel words to existing categories, and 2) incremental up-
dating of corresponding feature means, thereby maintaining
representational completeness while accommodating new vi-
sual concepts.

IVOD Architecture
In Figure 3, we propose a novel IVOD network to extract
the visual features of video decoupling, where Faster R-CNN
[Ren et al., 2016] is used as the visual backbone network.
In IVOD, we use the same bounding box regressor as Faster
R-CNN to specify each RoI on the feature map. As shown
in Figure 3, the RoI feature x is then fed into two parallel
branches to predict the class probability output yC and the
bounding box yB , respectively. Finally, based on the RoI
features x, the category probability output yC , and the pre-
defined confounder dictionary Z, we perform calculus to im-
plement the interventional category predictor and output the
final object category label yl. In this way, the RoI feature x
can be effectively decoupled and, when adopted, can facilitate
the transformer decoder to generate unbiased FNVE.

3.2 Multi-Modal Transformer Encoder
For the visual representation in news videos, we utilize IVOD
to extract disentangled visual object semantic word features
from any Region of Interest (RoI) proposals (referred to as
IVOD features XI ∈ RK×d, where K denotes the size
of visual semantic words). For the audio representation in
news videos, we consider that audio can convey the emo-
tional semantics of the video creators and live reports, en-
compassing global contextual relationships within the video.
Therefore, we convert the audio into a transcript denoted
as A [a1, a2, · · · , aM ], where ai represents a token in the
audio transcript. Additionally, we extract the textual em-
bedding features of the news video’s title, denoted as T =
[t1, t2, · · · , tL], where tm ∈ T represents the feature of a
word, and L is the length of the news title text.

To encode the above features, we turn to transformer en-
coders, which have shown convincing success on various nat-
ural language processing tasks. We first concatenate them de-
noted X = {T,XI , A}, and then feed X into the transformer
encoder TE as follows:

F = TE(X), (4)

where F ∈ RS×D is the coded representation matrix, S is
the total number of tokens in X . It is obvious that the TE
encoder generates more discriminative visual features for de-
coding by deep stacking.

3.3 Interventional Explanation Aspect Module
To mitigate the spurious correlations between visual features
and their corresponding explanation aspects, we propose a
novel IEAM to address the confounding factors between vi-
sual and explanation aspects in the FNVE task. First, based
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on the SCM, we establish causal relationships among the
multimodal features F fused by the Transformer encoder,
the explanation aspect C, the fused features H , and the pre-
dicted word W , as illustrated in Figure 6(a). Specifically,
the causal effect H → W indicates that the encoded mul-
timodal features trigger the generation of the corresponding
word. The causal effect C → F reflects the influence of C
on F , as the FNVE generation model, when trained, causes
the multimodal features fused by the Transformer encoder to
be heavily affected by frequently occurring explanation con-
texts. The effect F → H represents the use of the fused
features H to infer the next word W . Consequently, when
the observational likelihood P (W |F ) is used as the objec-
tive, the decoder may learn spurious explanation associations
between F and W due to the presence of the confounder C.
To elucidate the principle of causal intervention in FNVE, we
formulate P (W |F ) as follows:

P (W | F ) =
∑
c
P (W | F,C)P (C | F ), (5)

where the confounding variable C usually introduces obser-
vation bias through P (C | F ). Similar to intervention ma-
nipulation (IVOD), we replace the traditional FNVE train-
ing objective with causal intervention P (W | do(F )), which
aims to eliminate the causal influence of C on F , as shown
in Figure 6 (b). Thus, a backdoor path F ← C → W
is blocked, thus eliminating spurious correlations. Assum-
ing that the confounding variable C can be stratified, the
P (W | do(F )) can be calculated according to the backdoor
adjustment [Wang et al., 2020; Chalupka et al., 2017] formula
as follows:

P (W | do(F )) =
∑
c
P (W | F,C)P (C). (6)

Therefore, based on the interventional probability in
Eq.(6), the FNVE device is forced to learn the true causal
effect F → W instead of the spurious correlation caused by
the explanation aspect confounding variable C.

To construct the explanation aspect confounder dictionary
C, we first follow the theory of Chen et al. [Chen et al.,
2025] to categorize news video explanations into four dis-
tinct aspects (CD, ST, SV, and CA). Then, leveraging the
powerful semantic generation capability of MLLM, we au-
tomatically annotate the explanation aspect for each news
video and generate corresponding logical rationales. These
are concatenated to form the initial explanation aspect space
We ∈ RU×de , where U represents the size of the entire
dataset. To ensure compatibility with model fusion require-
ments, we further transform We into a confounder dictionary

C in a common d-dimensional space using a learnable linear
projection matrix Pw ∈ Rde×d. This allows seamless inte-
gration with models of varying dimensions.

3.4 Veracity Explanation Generation
We input the corresponding entries from the explanation as-
pect confounder dictionary C, obtained by IEAM, for each
batch into the guided attention module [Sun et al., 2023] to
derive the fused intervention representation, which we define
as EI . Finally, we input F + EI into the pre-trained Trans-
former decoder TD. The decoder operates in an autoregres-
sive manner, generating the next word by considering all pre-
viously decoded outputs, as follows:

ŷt = TD
(
F + EI , Ŷ<t

)
, (7)

where t ∈ [1, Ny] and ŷt ∈ R|V| are the t-th token probability
distributions of the truthfulness explanation. Ŷ<t refers to the
previously predicted t− 1 labeling.

To optimize the generation of CIFE, we again employ the
standard cross-entropy loss function as follows:

LGen = −1/Ny

Ny∑
i=1

log (ŷi[t]) , (8)

where ŷi[t] is the element of ŷi corresponding to the i token
of the generated explanation, and Ny is the total number of
tokens in the generated veracity explanation Y .

Split #of News Avg.Title Avg. Dur (s) Avg. Exp
Train 2138 21.40 61.23 49.76
Val 267 16.17 63.45 50.50
Test 267 15.37 60.32 50.08
Total 2672 20.27 61.78 49.86

Table 1: Statistics of the FakeVE dataset, where “Avg.”. “Dur.” and
“Exp.” refer to “Average”, “Duration” and “Explanation”, respec-
tively.

4 Experiments
4.1 Datasets
We conducted experimental research on FakeVE [Chen et
al., 2025], currently the largest and most comprehensive pub-
licly available FNVE dataset, with brief statistical details pre-
sented in Table 1. FakeVE comprises 2,672 fake news video
samples collected from three major social platforms: Twit-
ter, YouTube, and TikTok. The dataset innovatively catego-
rizes fake content into four distinct aspects, with each news
video sample featuring precise frame-level multimodal con-
tent analysis, comprehensively covering 12 news topics in-
cluding politics, health, and disasters.

4.2 Comparative Models
The CIFE framework can be applied to any fake news video
explanation method with news headlines and videos as in-
put. Therefore, we apply the CIFE framework to the follow-
ing three strong baselines: 1) HAAV [Kuo and Kira, 2023],
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Method BLEU M Rouge Sent-B
B@1 B@2 B@3 B@4 R-1 R-2 R-L

MLLM-based approach

Qwen2-VL 25.94 11.92 7.76 5.66 75.89 28.84 8.66 12.94 69.23
LLaVA 29.32 15.42 9.13 6.21 79.75 31.34 9.27 16.60 74.02
GPT-4o 32.59 17.33 11.23 6.70 82.84 32.57 9.78 17.8 77.79

Fine-tuning approach

HAAV 34.45 16.90 9.23 4.78 84.67 28.12 8.90 18.45 75.67
W/ CIFE 39.32 22.34 14.36 10.68 86.21 34.58 13.26 22.56 76.23
AMFM 35.67 18.89 10.01 6.12 86.68 33.45 10.89 22.67 78.12
W/ CIFE 39.23 23.45 16.81 10.83 87.82 38.65 15.37 25.34 80.72
MRGT 39.39 22.44 13.08 8.21 91.62 38.07 12.34 27.21 84.66
W/ CIFE 45.77 28.65 18.54 12.57 93.70 45.64 18.14 32.66 85.22

Table 2: Results of comparison among different models on FakeVE dataset, where the best results are in bold. B@1, B@2, B@3, B@4, M,
R-1, R-2, R-L and Sent-B are short for BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR, ROUGE-1, ROUGE-2, ROUGE-L and SentBERT.

which independently encodes each view in the multimodal in-
put through a shared encoder; 2) AMFM [Zhang et al., 2024],
which dynamically enhances pre-trained visual features by
learning latent visual relationships between frame-level and
video-level embeddings; and 3) MRGT [Chen et al., 2025],
which builds upon BART as its backbone and introduces a
multimodal relation graph to capture intrinsic connections be-
tween visual and semantic elements.

We also chose MLLMs for comparison: 1) Qwen2-VL
[Wang et al., 2024b], a multimodal series of large lan-
guage models developed by Alibaba Cloud’s Qwen team
with advanced image and video understanding capabilities;
2) LLaVA [Liu et al., 2023] an end-to-end trained large mul-
timodal model designed to comprehend and generate content
based on visual inputs and textual instructions; and 3) GPT-
4o [OpenAI, 2023], the latest iteration of GPT-4 Omni de-
veloped by OpenAI, which facilitates rapid deployment and
integration.

Model B@1 B@4 M R-L Sent-B
MRGT w/ CIFE 45.77 12.57 93.70 32.66 85.22

w/o IVOD 41.53 9.13 92.54 29.73 84.76
w/o IEAM 43.23 11.46 92.23 30.42 84.94
w/o CIFE 39.39 8.21 91.62 27.21 84.66

Table 3: Experiments on the impact of ablative causal inference.

4.3 Experimental Setup
Following the previous work [Chen et al., 2025], we selected
several standard metrics for evaluating the performance of
generated explanations. These include BLEU [Papineni et al.,
2002] (BLEU-1, BLEU-2, BLEU-3, BLEU-4), which mea-
sures the similarity between the generated text and the refer-
ence text. ROUGE [Chin-Yew, 2004] (ROUGE-1, ROUGE-
2, ROUGE-L), which evaluates the similarity between the
generated summary and the reference summary. METEOR
[Banerjee and Lavie, 2005], for explanation quality assess-
ment of synonym matching strategies. SentBERT [Reimers
and Gurevych, 2019], which uses Sentence-BERT to embed

semantic similarity between reference and generated expla-
nations in the space.

When integrating the CIFE framework into baseline mod-
els, IVOD and IEAM are incorporated in a flexible man-
ner rather than directly replacing existing modules. Specif-
ically, IVOD serves as a visual intervention feature extrac-
tor that is inserted during the feature extraction stage to de-
rive causally-intervened visual features. Meanwhile, IEAM
operates prior to the decoding generation phase, where it
fuses the explanation-intervened features with the baseline
encoded features for subsequent decoding. During train-
ing, we uniformly sample video frames with a maximum se-
quence length of 55 frames per video, applying pooling oper-
ations to each frame as the visual source representation. We
employ AdamW [Loshchilov and Hutter, 2017] as the opti-
mizer with a learning rate of 1e-4, a batch size of 16, and
train the models for a maximum of 15 epochs.

4.4 Experimental Results
As shown in Table 2, the experimental results demonstrate the
significant advantages of the CIFE framework in fake news
video explanation tasks. Compared with MLLMs, general-
purpose models like GPT-4o exhibit acceptable performance
on basic metrics (e.g., BLEU-1 reaching 32.59) but show
notable limitations in fine-grained explanation generation,
highlighting the necessity of domain adaptation. In con-
trast, CIFE-enhanced fine-tuned models (e.g., MRGT+CIFE)
achieve substantial improvements across key metrics, vali-
dating the value of causal intervention in specialized tasks.
Particularly noteworthy is CIFE’s outstanding improvement
in ROUGE-2 (e.g., +4.48 for AMFM+CIFE), indicating its
effectiveness in capturing key factual units, while the consis-
tent enhancement in SentBERT scores demonstrates that the
framework maintains global semantic coherence while opti-
mizing local features.

The superiority of CIFE stems from its proposed debiasing
modules: IVOD disentangles visual confounders, enabling
accurate identification of key objects, while IEAM balances
aspect distributions in multimodal representations to prevent
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Figure 7: The t-SNE visualization [Van der Maaten and Hinton,
2008] of some object features extracted by Faster R-CNN (left) and
IVOD (right).

bias in explanation generation. This synergistic effect leads
to consistent improvements across different baseline models,
with the most significant enhancement observed for MRGT
(ROUGE-L +5.45). The results confirm that explicitly mod-
eling and intervening on confounders not only addresses the
limitations of general MLLMs in specialized domains but
also generates more accurate and explanatory results while
preserving semantic coherence.

4.5 Ablation Study
Effectiveness of Each Component
We used the FakeVE test sets in combination with the pow-
erful baseline model MRGT to deeply explore the bias ef-
fect of each module in CIFE. As shown in Table 3, we tested
the performance of CIFE for removing the IVOD part (w/o
IVOD) and CIFE for removing the IEAM part (w/o IEAM).
In the w/o IVOD model, we ignore the confounder of seman-
tic words related to object and rely only on the regional fea-
tures of the original video frames to generate explanations.
Although the w/o IEAM model debiases the object seman-
tics, it does not debiases the explanation aspect. Experimen-
tal results show that the performance degrades when remov-
ing the IVOD part, which proves the effectiveness of IVOD
in removing the object semantic word bias in videos. Sim-
ilarly, removing the IEAM part also leads to a performance
slippage, which further validates the positive role of the CIFE
framework in mitigating the explanation aspect bias.

Analysis on Biases
Figure 7 shows some visual features of FNVE video frames
extracted by Faster R-CNN (left) and proposed IVOD (right).
We can see that our IVOD can learn more discriminative fea-
ture representations compared to Faster R-CNN. For exam-
ple, electricians and firefighter features and power lines when
using regular likelihood (left). The features are entangled in
the red box. They are clearly untangled after the causal inter-
vention (right), meaning that IVOD actually obfuscates visual
confounders when extracting visual features.

4.6 Qualitative Analysis
Figure 8 shows two examples of good interpretation of CIFE
compared to MRGT. In Figure 8(a) SpaceX case, CIFE ef-
fectively decoupage the rocket body features from the visual
elements of the explosion scene through the IVOD module,
accurately identifying the lack of the unique design of the

News Title: SpaceX Starship Test Rocket Successfully Lands After Launch.

MRGT: The title claims that SpaceX's Starship test rocket successfully landed, but 
there is no real evidence that it was a SpaceX Starship, only a mention of a starship 
explosion, which contradicts the title SpaceX's Starship test rocket successfully landed.

CIFE: The title claims the SpaceX Starship test rocket successfully lands without an 
explosion, yet both the audio and video summaries describe an explosion occurring 
shortly after takeoff. This contradiction indicates that the title significantly...

Target: The title claims that the SpaceX Starship test rocket landed successfully 
without incident. However, both the audio and video summaries describe a chaotic 
scene involving an explosion shortly after takeoff, with witnesses expressing shock... 

News Title: A traffic corridor was brought to a standstill when log truck and car crashed.

MRGT: The title of the video claimed that a log truck collided with a car, causing the 
main road to be paralyzed, but the video content only showed the log truck on fire on 
the road, and did not collide with the car scene, but the title mistakenly added...

CIFE: The video summary describes a truck fire with firefighters responding, but the 
mention of 'firebombing aircraft' seems exaggerated.  Such aircraft are typically used 
for large-scale wildfires, not for a truck fire on the roadside...

Target: The video summary describes a truck fire and mentions firefighters and 
emergency services responding, but it incorrectly states that firebombing aircraft are 
being used.  Such aircraft are typically reserved for large-scale wildfires...  

Video  Object 
Bias

Explanation 
Aspect Bias

(a)

(b)

Figure 8: Visualization of fake news video explanations generated
by CIFE and the MRGT baseline under both video object and as-
pect conditions. Target denotes the human-annotated ground-truth
explanation. Red highlights indicate segments that led to biased ex-
planations in the generated outputs.

Starship wreckage, thus generating a more accurate expla-
nation: ‘The video shows a rocket exploding, but the debris
signatures are not consistent with the SpaceX Starship.’ In
contrast, MRGT can only detect surface contradictions. In
Figure 8(b) health policy case, CIFE’s IEAM module suc-
cessfully detected a lack of ”legislative process”, which, com-
bined with IVOD’s character identification capability, clearly
stated that ‘the speaker is a representative of civil society
organizations and has no legislative power’, while MRGT
was dominated by the high-frequency ‘tax policy’ aspect and
failed to detect this key contradiction.

5 Conclusion
In this paper, we propose CIFE, a novel causal intervention
framework for generating explainable fake news video ex-
planations. Through structural causal modeling, CIFE ef-
fectively addresses two key challenges: resolving object-
level confounding via the Intervened Video-Object Detec-
tor (IVOD), and mitigating explanation-aspect bias through
the Intervened Explanation-Aspect Module (IEAM) to ensure
balanced reasoning across different falsification aspects. Ex-
tensive experiments on the FakeVE benchmark demonstrate
CIFE’s superiority in effectively eliminating biases and en-
hancing fake news video explanation generation. Future work
will focus on optimizing the dictionary of confounding vari-
ables by introducing knowledge graphs.
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