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Abstract—The explosive growth of deepfake video technology
is steadily eroding public trust in visual media, necessitating
detectors that not only flag forgeries but also provide explana-
tions for them. In this paper, we introduce DVDD-LLaMA, a
multimodal large language model that unifies two complementary
vision encoders: CLIP for frame-level cross-modal alignment and
a SwinT-based Deepfake-Sniffing Encoder for spatio-temporal
anomaly capture, followed by a Compact Visual Connector that
condenses those features while preserving critical manipulation
cues. A lightweight bridging layer then fuses these visual signals
with user prompts, enabling the language model to deliver both
a real/fake result and a detailed, human-readable rationale.
To train and evaluate our model, we construct FF++VQA, a
richly annotated deepfake-video question–answer dataset. Fine-
tuned on the dataset, DVDD-LLaMA establishes new state-of-
the-art performance in both supervised and zero-shot settings
and remains robust to previously unseen attack types. Ablation
studies confirm the importance of the Deepfake-Sniffing Encoder
and Compact Visual Connector. Experiments show that DVDD-
LLaMA offers a high-performance and describable solution for
deepfake video detection.

I. INTRODUCTION

With the availability of accessible video editing software,
artificial intelligence-generated content (AIGC) techniques can
be easily used to produce deepfake media, enabling face
swapping, expression alteration, and motion manipulation.
Such deepfakes threaten personal privacy, enable political
misinformation, and erode public confidence in visual evidence
[1]. Recently, a surge of research has focused on various deep-
fake video detection methods [2], [3] to identify manipulated
content and mitigate their risks.

Existing conventional deepfake video detection methods
[2], [3] primarily rely on deep neural network [4] models,
functioning as binary classifiers. As a result, these approaches
inherently lack basic interpretability regarding their decision-
making processes and are unable to provide explicit, com-
monsense explanations in textual form for the underlying
reasons of authenticity or falsification. Furthermore, the single-
perspective binary classification framework of traditional meth-
ods, combined with the limitations of current training datasets,
restricts the generalization capability of detection models.
When confronted with unseen deepfake variants, their perfor-
mance often degrades significantly. Recent progress in mul-
timodal large language models (MLLMs) has inspired their
use in deepfake image detection [5], [6]. Yet, models trained
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Fig. 1. Illustration of the conventional Deepfake Video Detection (DVD) and
our DVD & Description (DVDD) framework.

solely at the image level [7], [8] lack access to temporal cues,
which limits their effectiveness when the inputs shift from
single images to deepfake videos. In the latter, frame-to-frame
inconsistency becomes the primary evidence of manipulation
for deepfake videos.

To address these problems, we propose the DVDD-LLaMA
for Deepfake Video Detection and Description task by lever-
aging a multimodal large language model (MLLM), e.g.,
LLaMA, to generate deepfake classes and corresponding tex-
tual descriptions based on video content and queries. We
encourage MLLMs to focus on cognitive perception of video
authenticity rather than the traditional framework (i.e., the
backbone encoder with a classification head), as shown in
Fig. 1. To better encode video data and connect with LLM,
we propose a Swin Transformer (SwinT) based Deepfake-
Sniffing Encoder (DSEncoder) to compensate for the CLIP [9]
encoder and a Compact Visual Connector (CVC) for feature
fusion. Moreover, we construct a visual question answering
dataset for deepfake video detection and description, termed
FF++VQA. The video samples are sourced from the publicly
available FaceForensics++ dataset [10], and we design tailored
prompts to leverage a powerful multimodal large language
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model [11] with video understanding capabilities for gener-
ating diverse VQA pairs. FF++VQA consists of quadruples
including videos, queries, deepfake classes, and explanatory
descriptions. Using FF++VQA, we fine-tune an MLLM [12]
to enable accurate judgment and generation of explanatory
descriptions. This process ultimately forms a comprehensive
pipeline for detection and description. Our contributions are
summarized as follows:

• We propose, for the first time, a MLLM-empowered
deepfake video detection and description framework. It
is capable of providing both detection results and rea-
sonable explanations, effectively addressing the lack of
interpretability in existing DVD methods.

• We develop a DSEncoder to capture spatio-temporal
forgery features from consecutive frames and effectively
resolve the temporal information loss problem in CLIP.
Meanwhile, a CVC is proposed to aggregate features and
perform spatio-temporal compression, generating com-
pact task-specific representations.

• Extensive experiments demonstrate that our method can
accurately analyze manipulated videos and surpasses pre-
vious large video understanding models in both detection
and description tasks. In zero-shot experiments across
different forgery techniques, our model outperforms the
previous state-of-the-art traditional models.

II. RELATED WORK

Video-level deepfake detection. To improve the accuracy
of video-level deepfake detection, researchers have explored
a variety of approaches, primarily focusing on capturing
temporal inconsistencies in forged videos as a general cue.
Recent studies have shown that vision transformers (ViT)
achieve outstanding performance in deepfake detection tasks
[13]. Compared to CNN-based models, these methods deliver
superior results, but at the expense of computational efficiency.
For example, DFTD [14] considers both global and local
information simultaneously, yet fails to address the issue
of high computational complexity. On the other hand, the
SwinT [15] can generate hierarchical feature representations
and exhibits linear computational complexity with respect to
the input image size, making it a backbone method for various
vision tasks. However, in deepfake detection, SwinT typically
focuses on capturing short-term temporal inconsistencies and
does not fully exploit long-range dependencies. To overcome
these limitations, some studies have explored dual-branch
architectures that combine short-term and long-term temporal
modeling, such as ICT [16] and DFLL [17]. Nevertheless,
these methods still face challenges in generalization, especially
when detecting face reenactment and fully synthesized faces,
and their ability to detect unseen forgery techniques remains
limited. Furthermore, as they usually only output binary clas-
sification results, they lack interpretability.

Multimodal large language model. With the rapid ad-
vancement of large language models (LLMs), researchers have
explored the integration of LLMs with video encoders to

leverage their strong generative and understanding capabilities
for video tasks [18], [19]. These studies often utilize open-
source LLMs, such as Vicuna [20] and LLaMA [12]. The
primary distinction among these works lies in how video
features are encoded into visual tokens compatible with LLMs.
For example, VideoChat [21] employs vision transformers to
encode video features and uses a Query Transformer (Q-
Former) [22] to compress video tokens. Similarly, VideoL-
LaMA [23] combines ViT and image Q-Formers to encode
individual frames, followed by temporal modeling using a
video Q-Former. While existing multimodal models perform
well on short video tasks, such as captioning or question-
answering, they lack fine-grained temporal modeling, making
them ineffective at capturing forgery traces in long videos. To
address this limitation, researchers have proposed incorporat-
ing temporal information aggregation modules, such as SwinT
[15], to improve temporal sensitivity and understanding.

Parameter-efficient fine-tuning. To transfer the task-
solving capabilities of large language models to the visual
modality, researchers have proposed vision-language instruc-
tion tuning, enabling models to perform various tasks based
on image or video content following user instructions [24],
[25]. This process typically requires generating high-quality
instruction data, which can be divided into two technical
branches. The first branch [24], [26] integrates existing multi-
modal benchmark datasets and converts them into instruction
formats, such as MultiInstruct [26] and InstructBLIP [24]. The
second branch [27] leverages LLMs to create more diverse
conversational-style data. For example, MiniGPT4 [27] and
LLaVA [28] provide detailed visual descriptions and generate
image- or video-centered conversational data. Despite these
advancements, current methods fail to address user require-
ments for time-sensitive video understanding. Most existing
approaches lack fine-grained temporal modeling capabilities,
limiting their ability to understand or localize specific segments
in long videos. Inspired by the success of instruction tuning in
recent LLMs [29], [30], researchers have proposed a deepfake
description and a dataset of question answers to improve the
adaptability of multimodal models to deepfake-oriented tasks.

III. METHOD

In this section, we present the DVDD-LLaMA, a multimodal
large language model designed for deepfake video detection
and description (see Fig. 2). By introducing the Deepfake-
Sniffing Encoder (DSEncoder) and Compact Visual Connector
(CVC), our method enables fine-grained extraction, fusion, and
alignment of visual features with language understanding. We
also describe our specialized data curation process for the com-
prehensive evaluation of deepfake detection and description
tasks.

Framework overview. The DVDD-LLaMA framework sup-
ports two types of input: user instructions and raw video. A
frozen CLIP encoder processes sampled keyframes, providing
global semantic cues and stabilizing multimodal dialogue.
Meanwhile, the DSEncoder receives thumbnails composed of
four consecutive frames and feeds them into resized-window
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Fig. 2. Overall architecture of DVDD-LLaMA.

SwinT blocks, which efficiently model both spatial forgery
features within frames and temporal inconsistencies between
frames. The features generated by CLIP and the DSEncoder
are fed to the CVC module, where the strong convolution block
first processes the features. This block consists of four consec-
utive RegStage blocks, with the squeeze-and-excitation gating
mechanism helping to preserve important forgery cues. Subse-
quently, Spatio-temporal Compression applies lightweight 3D
convolutions to reduce the number of tokens without disrupting
the temporal order. Finally, the fused features are mapped
to the LLM through a bridging layer, which transforms the
compact video tokens. The LLM performs reasoning on the
fused representations and outputs the detected deepfake classes
along with explanatory descriptions.

A. Deepfake-Sniffing Encoder

The SwinT [15] serves as the backbone of our DSEncoder.
It takes four consecutive frames as an input set, where multiple
SwinT blocks leverage a shifted window mechanism to extract
spatio-temporal features from the sequential frames. These
features serve as an essential input for LLM inference.

Specifically, four consecutive frames are sampled from the
video in temporal order, resized to a uniform size, and embed-
ded into a single 224×224 thumbnail using a 2×2 grid layout.
This compact arrangement preserves the local information of
each frame and explicitly encodes inter-frame information into
spatial neighborhoods. As a result, it can optimally leverage the
computational principles of self-attention and shifted windows
with relative position bias. When a window spans multiple
subimages, it captures spatial dependencies across temporal
frames. This enables the DSEncoder to combine spatial de-

tails with temporal correlations in a unified representation. In
this way, both intra-frame features and inter-frame inconsis-
tencies can be perceived simultaneously, transforming high-
dimensional visual information into compact embeddings.

Within the four stages of SwinT, we uniformly expand the
window size to 14×14 for the first three stages, while the final
stage uses a window size equivalent to the feature map dimen-
sion (7× 7). This configuration allows earlier layers to focus
on capturing local forgery traces, while later layers emphasize
global temporal consistency. Meanwhile, hierarchical patch
merging is applied to progressively downsample the feature
maps by factors of 4, 8, and 16. This process constructs a
multiscale feature hierarchy. As a result, it achieves a dynamic
balance between computational efficiency and representational
capacity.

Ultimately, the DSEncoder outputs a set of compact visual
embeddings that fuse spatio-temporal information. This rep-
resentation is robust and scalable, providing an efficient and
reliable foundation of deepfake features for subsequent cross-
modal inference tasks.

B. Compact Visual Connector

The operational sequence of the Compact Visual Connector
is illustrated on the left of Fig. 2. Since autoregressive models
(i.e., the LLM backbone) critically depend on token order
consistency during both training and inference, preserving the
spatio-temporal sequence of visual tokens is essential after
frame-wise video encoding. To achieve this, we implement
spatio-temporal compression using 3D convolutions. Given
that early fusion of frame-level features enhances long-video
comprehension, we substitute 2D convolution operators with
3D counterparts when compressing spatio-temporal tokens
to reduce token volume. To mitigate information loss from
spatio-temporal downsampling, we incorporate four RegStages
[31] (strong convolutional blocks) post-downsampling. Each
RegStage comprises stacked residual modules employing bot-
tleneck structures and grouped convolution designs. Within
these modules, a Squeeze-and-Excitation mechanism [31]
recalibrates features to amplify critical spatio-temporal re-
sponses. The initial spatial downsampling per RegStage is
achieved through convolutional stride adjustment (stride = 2),
while subsequent modules preserve resolution while expanding
the receptive field. Through hierarchical stacking, RegStages
enable multi-level feature abstraction, where shallow layers
capture local spatio-temporal patterns and deeper layers model
global dependencies. This architecture significantly enhances
model capacity and representational power, with residual con-
nections and stochastic depth ensuring gradient flow and train-
ing stability, thereby establishing a robust visual foundation for
video-language alignment.

C. Data Curation

Since there is currently no dedicated dataset for evaluat-
ing the deepfake video detection and description capabilities
of MLLMs, we constructed a deepfake video detection and
description question-answering dataset (FF++VQA) based on
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publicly available deepfake video datasets, like FaceForen-
sics++ [10]. This was achieved using carefully designed
prompts and using large video understanding language mod-
els [11] to assist in data generation. The dataset consists
of quadruples, including video samples, designed questions
(user instructions ), detected deepfake classes, and explanatory
descriptions, as illustrated in Fig. 1(b). For the generated
descriptions, we performed manual screening to ensure that the
content length is similar and reasonable, thereby guaranteeing
high-quality annotations and improving the robustness of the
evaluation.

IV. EXPERIMENTS

A. Implementation Details

We used CLIP [9] and our designed DSEncoder as the two
encoders of this large model architecture, and LLaMA2 (7B)
[12] as the large language base model. We fine-tuned DVDD-
LLaMA on FF++VQA for 20 epochs, using a machine with
one 4x NVIDIA RTX 6000 Ada (48GB) and a global batch
size of 128 and a local batch size of 1. As shown in Fig. 2, we
froze some parameters of the encoder and the large language
model, and adjusted the parameters of the Compact Visual
Connector, the bridge layer, and LoRA. LoRA is ranked 128,
and the number of input frames is 64. In the second stage of
multitask fine-tuning, we use video text data to merge high-
quality, fine-grained multimodal annotation pairs to finetune
DVDD-LLaMA.

B. Experiment Results and Analysis

The experimental results, as shown in Table I, clearly show
that DVDD-LLaMA significantly outperforms other models
in the FF++VQA set. It achieves an accuracy of 67.9%, an
AUC of 67.9%, and an F1 Score of 66.3%, surpassing the
previous best-performing model, VideoChat, by 11.5%, 11.3%,
and 11.6%, respectively. These results demonstrate DVDD-
LLaMA’s superior ability to detect deepfake videos with higher
reliability and precision. The model excels in capturing fine-
grained features and spatio-temporal consistency, which are
critical for identifying deepfake manipulations. This significant
performance boost is attributed to the integration of innovative
components, such as the Deepfake-Sniffing Encoder and the
Compact Visual Connector. These modules enable the model to
extract and process deepfake-specific features more effectively
while maintaining computational efficiency.

Furthermore, as illustrated by the visualization results in
Fig. 3, DVDD-LLaMA not only demonstrates a clear advan-
tage in prediction accuracy over the baseline models, but also
produces more credible, coherent, and detailed explanatory
descriptions. This synergy of high accuracy and high-quality
explanations enables users to quickly obtain reliable deep-
fake classifications while gaining a thorough understanding of
the underlying rationale behind the model’s decisions. These
strengths further underscore the comprehensive advantages of
DVDD-LLaMA in both deepfake detection performance and
the interpretability of its results.

TABLE I
PERFORMANCE COMPARISON OF VARIOUS MODELS ON FF++VQA.

Model LLM Size FF++VQA
ACC AUC F1 Score

End2end VidLLMs
Video-LLaVA [32] 7B 51.6 51.1 48.9
VideoChatGPT [33] 7B 52.2 51.5 49.2
VideoChat [21] 7B 56.4 56.2 54.7
DVDD-LLaMA (Ours) 7B 67.9 (+11.5) 67.9 (+11.3) 66.3(+11.6)

C. Zero-shot Performance

The zero-shot performance comparison in Table II highlights
the superiority of DVDD-LLaMA over other models in the
Deepfake Video Description QA task. With an LLM size
of 7B, DVDD-LLaMA achieves an accuracy of 61.3%, an
AUC of 60.9%, and an F1 Score of 59.4%, significantly
outperforming both transformer-based models (UMMAFormer
and TALL4Deepfake) and the video-based model Video-
LLaVA. Transformer-based models, such as UMMAFormer
and TALL4Deepfake, struggle to handle unfamiliar data in
zero-shot settings due to their reliance on pre-learned patterns
that may not generalize well to unseen tasks. In contrast,
DVDD-LLaMA demonstrates robust adaptability, with im-
provements of +4.0% in accuracy, +5.1% in AUC, and +4.3%
in F1 Score compared to TALL4Deepfake. This performance
boost can be attributed to the advanced architecture of DVDD-
LLaMA, which effectively captures spatio-temporal features
and deepfake-specific patterns.

TABLE II
PERFORMANCE OF LLM-BASED MODELS AND OTHER TRADITIONAL

TRANSFORMER-BASED MODELS IN ZERO-SHOT ON FF++VQA.

Model LLM Size FF++VQA
ACC AUC F1 Score

Transformer-based Models
UMMAFormer [2] - 55.8 53.1 53.7
TALL4Deepfake [3] - 57.3 55.8 55.1
VideoLLMs
Video-LLaVA [32] 7B 51.2 50.5 48.7
DVDD-LLaMA (Ours) 7B 61.3 (+4) 60.9 (+5.1) 59.4(+4.3)

D. Ablation Study

The ablation study in Table III highlights the critical con-
tributions of the DSEncoder and RegStage modules to the
performance of DVDD-LLaMA. Without both modules, the
model achieves only 54.2% accuracy, indicating their impor-
tance. Adding RegStage alone increases the accuracy to 62.7%,
showcasing its strength in reasoning and modeling deepfake-
specific patterns. Similarly, incorporating DSEncoder alone
improves accuracy to 58.1%, demonstrating its effectiveness
in extracting spatio-temporal features. When both modules are
combined, the model achieves the highest accuracy of 67.9%,
confirming their complementary roles. This study underscores
the synergy between these modules and validates the effective-
ness of the model’s architectural design.

V. CONCLUSIONS

This paper introduces DVDD-LLaMA, a novel multimodal
large language model for Deepfake Video detection and
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smooth, and no obvious Deepfake features 

are found."

"Real. The video is real. The man's facial expressions, blinking 

frequency, and interactions with the environment are natural 

and consistent throughout the video. There are no noticeable 

inconsistencies in facial lighting or color, hairline, or 

background distortion. The man's movements and expressions 

are smooth and fluid, without any signs of motion blur or 

distortion. Overall, the video appears to be a genuine 

recording of a man walking down a hallway and standing in 

front of a door."

"Real. The video is Real. The woman's facial expressions and 
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throughout the video. There are no noticeable inconsistencies 

in facial lighting or color, and the background and surrounding 

environment appear to be accurately rendered. Additionally, 

there are no perceptual anomalies or behaviors that go against 

common sense or background. Overall, the video appears to be 

a genuine recording of a woman standing in front of a garage 

door."

"Deepfake. In the video, the 
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slightly misaligned when she 

speaks, and her hand 

movements are not 
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and the edges of his mouth 
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blurred and misaligned. These 
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synthesized videos."

"Deepfake. The facial 
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background, and the blinking 
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was synthesized by AI, so I 

think this is a Deepfake 
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"Real. Judging from the 

video, the interaction and 

expressions of the two women 
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no obvious traces of synthesis. 

The skin and background 
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a real video. "

"Deepfake. By analyzing the video, I found that 

although the man‘s facial expression is 

relatively natural, his mouth shape and voice 

are slightly out of sync when he speaks, and his 

eyes occasionally drift for a short time. In 

addition, the background is slightly blurred and 

stretched when the character moves. These 

details usually appear in Deepfake videos, so I 

judged that this video is Deepfake."

"Deepfake. It was noticed that there was a 

slight discontinuity between the man's face and 

his neck when he moved, the edges of his hair 

were blurred, and there was a slight shake at 

the junction of his clothing and the background. 

In addition, the character's expression changes 

were somewhat mechanical, and the whole 

thing looked like a Deepfake video processed 

by AI."

"Real. The woman's expression and hand 

movements in the video are very natural, there 

is nothing unusual about the rolling door in 

the background, and there is nothing unusual 

about the light and shadow. The overall video 

conforms to the characteristics of real 

shooting, so it is judged to be a real video."

"Deepfake. This video is a deepfake. The man's facial expressions 

are unnatural, his lip sync is out of sync, his expression is stiff, 

and the lighting on his face is uneven. In addition, his eye 

movements are abnormal, and the skin color of his face and body 

do not match. The background also appears to deform when the 

subject moves, and some details, such as smooth, poreless skin 

texture, are missing. These characteristics indicate that the video 

is a deepfake."

"Deepfake. This video is a deepfake. The facial movements of 

the two women in the video are unnatural and their expressions 

are stiff. In addition, there are inconsistencies in the lighting 

and color of their faces. The background and surroundings are 

also distorted, with blurred hairlines and unnatural transitions 

between faces and background. Finally, the women's skin 

appears too smooth and wrinkle-free, and facial features flicker 

between frames. These inconsistencies and anomalies indicate 

that this video is a deepfake."
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Fig. 3. Comparison of visualization results between DVDD-LLaMA, VideoLLaVA, VideoChatGPT, and VideoChat. Red boxes: incorrect predictions, green
boxes: correct predictions, and gray boxes: correct predictions with hallucinated descriptions (i.e., the explanation contains information inconsistent with or
fabricated beyond the video content).

TABLE III
IMPACT OF DIFFERENT MODULES (DSENCODER AND REGSTAGE) TO THE

PERFORMANCE IMPROVEMENT OF THE DVDD-LLAMA MODEL ON
FF++VQA.

DSEncoder RegStage FF++VQA (ACC)
× × 54.2
✓ × 62.7
× ✓ 58.1
✓ ✓ 67.9

description. By integrating the Deepfake-Sniffing Encoder
(DSEncoder), Compact Visual Connector (CVC), and bridging
layers with CLIP and LLaMA2, the model effectively captures
fine-grained spatio-temporal features and deepfake-specific
patterns while maintaining computational efficiency. Extensive
experiments on the constructed FF++VQA dataset demon-
strate that DVDD-LLaMA significantly outperforms existing
methods in both fine-tuned and zero-shot settings, achieving
state-of-the-art results in accuracy, AUC, and F1 score. The
ablation study highlights the complementary roles of the
DSEncoder and RegStage modules, validating the robustness
and efficiency of the proposed architecture. With its ability to
detect and describe deepfake manipulations with high precision
and interpretability, DVDD-LLaMA sets a new benchmark for

multimodal deepfake detection and description, paving the way
for more reliable and scalable solutions in combating video-
based forgery.
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