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& Description

“The video shows a close-up of a
person with short hair and a neutral
expression, gradually looking
downward. The background appears
consistent, likely an indoor setting with
muted colors.”

& Reasoning

The classification as 'Al-generated' is supported by several factors.

There might be subtle indicators in the lighting and skin texture

that suggest unnatural smoothness or uniformity, typical of Al
| rendering. Additionally ......
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Figure 1: Overview of the AEGIS dataset. AEGIS comprises a diverse collection of synthetic videos covering a broad range of
realistic scenarios, including detailed human facial expressions, natural outdoor animal behaviors, indoor public environments,
and intricate static object arrangements. Each video is accompanied by rich multimodal annotations, including Semantic-
Authenticity Descriptions (semantic summaries, generation metadata, and reasoning explanations), Motion Features, and
Low-level Visual Features. These annotations enable robust and explainable analysis, supporting research in video authenticity
detection as well as a variety of downstream multimodal understanding tasks.

Abstract

Recent advances in Al-generated content have fueled the rise of
highly realistic synthetic videos, posing severe risks to societal trust
and digital integrity. Existing benchmarks for video authenticity de-
tection typically suffer from limited realism, insufficient scale, and
inadequate complexity, failing to effectively evaluate modern vision-
language models against sophisticated forgeries. To address this
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critical gap, we introduce AEGIS, a novel large-scale benchmark
explicitly targeting the detection of hyper-realistic and semanti-
cally nuanced Al-generated videos. AEGIS comprises over 10,000
rigorously curated real and synthetic videos generated by diverse,
state-of-the-art generative models, including Stable Video Diffusion,
CogVideoX-5B, KLing, and Sora, encompassing open-source and
proprietary architectures. In particular, AEGIS features specially
constructed challenging subsets enhanced with GPT-4o-refined
prompts, creating unprecedentedly realistic scenarios for rigorous
robustness evaluation. Furthermore, we provide multimodal anno-
tations spanning Semantic-Authenticity Descriptions, Motion
Features, and Low-level Visual Features, facilitating authenticity
detection and supporting downstream tasks such as multimodal
fusion and forgery localization. Extensive experiments using ad-
vanced vision-language models demonstrate limited detection ca-
pabilities on the most challenging subsets of AEGIS, highlighting
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the dataset’s unique complexity and realism beyond the current
generalization capabilities of existing models. In essence, AEGIS
establishes an indispensable evaluation benchmark, fundamentally
advancing research toward developing genuinely robust, reliable,
and broadly generalizable video authenticity detection methodolo-
gies capable of addressing real-world forgery threats. Our dataset
is avaliable on https://huggingface.co/datasets/Clarifiedfish/AEGIS.

CCS Concepts

+ Computing methodologies — Artificial intelligence; Com-
puter vision; Machine learning,.

Keywords
Authenticity Evaluation Benchmark, AI-Generated Video Sequences

ACM Reference Format:

Jieyu Li, Xin Zhang, and Joey Tianyi Zhou™. 2025. %, AEGIS: Authenticity
Evaluation Benchmark for Al-Generated Video Sequences . In Proceedings
of the 33rd ACM International Conference on Multimedia (MM °25), October
27-31, 2025, Dublin, Ireland. ACM, New York, NY, USA, 8 pages. https:
//doi.org/10.1145/3746027.3758295

1 Introduction

Recent advances in Al-generated content (AIGC) technologies have
substantially simplified the creation of highly realistic video con-
tent [24, 25, 27]. These sophisticated generative models have signif-
icantly reduced production costs and fostered novel applications in
various fields, such as education and entertainment [46]. However,
this rapid proliferation also poses substantial social risks [15, 16].
Compared to synthetic images, the higher perceptual realism and
temporal consistency inherent in generated videos exacerbate their
potential for misinformation dissemination [38], erosion of public
trust, and threats to information security across social and profes-
sional platforms. Consequently, there is an urgent need for robust
and reliable detection methods capable of effectively distinguishing
synthetic from authentic videos.

However, the advancement of robust video forgery detection
methods critically depends on suitable benchmarks. Although sev-
eral AIGC datasets have recently been proposed for forgery de-
tection, they primarily target static images [20, 21, 39], and thus
inherently fail to capture video-specific challenges such as temporal
coherence, realistic motion dynamics, and semantic consistency
across frames. Recent video benchmarks, such as VBench [14], Eval-
Crafter [26], and AIGCBench [8], primarily focus on evaluating
generation quality or perceptual fidelity rather than explicitly tar-
geting authenticity detection tasks. Additionally, dedicated video
forgery datasets like GenVidBench [29] and DeMamba [6] also
possess certain constraints, including simple animation-oriented
content, narrow generative diversity, and insufficient emphasis on
realism and detection complexity, thereby restricting their capabil-
ity to comprehensively assess advanced detection algorithms.

To effectively overcome these critical limitations, we propose
AEGIS, Authenticity Evaluation Benchmark for AI-Generated
vIdeo Sequences, a novel video authenticity benchmark meticu-
lously designed to challenge and advance current detection capa-
bilities against highly deceptive Al-generated content. AEGIS sets

13347

Jieyu Li, Xin Zhang, and Joey Tianyi Zhou

itself apart by exclusively assembling 5,199 synthetic videos de-
rived from seven cutting-edge generative techniques, including
prominent open-source methods such as Stable Video Diffusion [3],
CogVideoX-5B [44], and I2VGen-XL [47], as well as proprietary
commercial systems represented by KLing [19], Sora [32], and
Pika [33]. The distinctive integration of these diverse generative
techniques ensures unmatched realism, complexity, and represen-
tation of current generation paradigms, positioning AEGIS as an
indispensable resource for rigorously evaluating and substantially
improving model robustness in the face of emerging, highly realistic
forgery threats.

To rigorously benchmark and substantially advance video forgery
detection, AEGIS introduces several critical innovations that clearly
distinguish it from existing benchmarks. First, it includes care-
fully crafted challenging subsets refined via GPT-40 [31]-generated
prompts, explicitly designed to intensively evaluate model robust-
ness against highly sophisticated and semantically nuanced forg-
eries. These synthetic videos are complemented by systematically
curated authentic videos characterized by significant visual com-
plexity and diversity, creating realistic evaluation conditions. Sec-
ond, AEGIS provides extensive multimodal annotations, includ-
ing optical flow, frequency-domain analysis, and rich semantic
descriptions, to facilitate rigorous evaluation and support diverse
downstream forensic tasks. Crucially, our extensive experiments
using SOTA vision-language models, such as Qwen-VL [1] and
Video-LLaVA [23], across zero-shot, prompt-guided, and fine-tuned
scenarios, reveal notable performance gaps, especially within chal-
lenging subsets. These findings underscore both the substantial
difficulty presented by AEGIS and its effectiveness to expose critical
generalization limitations inherent in current detection methodolo-
gies. Consequently, AEGIS emerges as an indispensable benchmark,
uniquely positioned to drive forward the development of more ro-
bust and widely generalizable video authenticity detection models.

The key contributions of this work include:

e We propose AEGIS, a novel large-scale benchmark for video
authenticity detection, comprising 5,199 synthetic videos
generated by six diverse SOTA techniques, covering both
open-source and proprietary models. AEGIS significantly
improves upon existing benchmarks in diversity, realism,
and semantic complexity.

e We design challenging evaluation subsets using GPT-4o-
refined prompts to simulate highly realistic, semantically
nuanced scenarios. The resulting Hard Test Sets effectively
expose generalization gaps in current detection models.

e We curate authentic videos with rich multimodal annota-
tions, including semantic descriptions, optical flow, frequency-
domain features, and temporal coherence metrics. Experi-
ments with advanced vision-language models reveal clear
performance limitations, underscoring AEGIS’s value for
robust and generalizable forgery detection.

2 Related Work
2.1 Image-level AIGC Benchmark

Synthetic image generation has significantly advanced due to Gen-
erative Adversarial Networks (GANSs) [10], diffusion models [7],
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Table 1: Overview of the Collected Dataset

Split Total number Category Number Source Duration (s) Number Frame rate (fps) Resolution
TIP-12V (Pika) 756 24
. TIP-I2V (CogVideoX-5B) 886 8
Traine Set T304 Synthetic 3161 1yp 1oy (Stable Video Diffusion) 37 621 7
ang o¢ TIP-I2V (I12VGen-XL) 898 7
Real 4143 Vript (YouTube) 5-10 4060 24-30
Vript (TikTok) 283 3800-1080
TIP-12V (Pika) 155 24 p-10e0p
. TIP-12V (CogVideoX-5B) 455 8
Validation Set 30 Synthetic 1820 pp 15y (Stable Video Diffusion) 37 455 7
aldation se TIP-I2V (I2VGen-XL) 455 7
Vript (YouTube) 455
Real 910 Vot (TikTok) 5-10 ppss 24-30
Synthetic 218 Ksl.(,)il: 5s 1(1)1 22
Hard Test Set 436 g 270p-4K
Real 218 DVF 2.4-10 109 24-30
e self-collected (YouTube) : 109

and flow-matching techniques [9, 18]. Early models such as Style-
GAN [17] notably enhanced facial realism, while recent diffusion-
based and transformer-based approaches, including Stable Diffusion
and DALLE-2, significantly expanded general-purpose image syn-
thesis [22, 50]. Correspondingly, several benchmarks, including
AIGCIQA2023 [39], AGIQA-20K [20], PKU-AIGIQA-4K [45], and
FragFake [36], emerged to rigorously evaluate image generation
quality, focusing primarily on perceptual fidelity, semantic align-
ment, and fine-grained detection tasks. Despite these advance-
ments, these image-level datasets inherently lack consideration
of video-specific challenges such as temporal coherence and re-
alistic motion patterns. Our proposed AEGIS explicitly addresses
these critical video-centric issues by integrating temporal and mul-
timodal analysis, significantly extending beyond static imagery
benchmarks.

2.2 Video-level AIGC Benchmarks

Recent video-level Al-generated content (AIGC) benchmarks such
as VBench [14], T2VSafetyBench [28], EvalCrafter [26], and VIDEO-
PHY [2], primarily focus on assessing video generation quality
rather than explicitly addressing authenticity detection tasks. Mean-
while, existing datasets specifically targeting video forgery detec-
tion, such as DF40 [42], Deepfake-Eval-2024 [4], and ExDDV [12],
predominantly emphasize facial manipulation and in-the-wild deep-
fakes, limiting their broader generalization. Recent large-scale bench-
marks like GenVidBench [29] and DeMamba [6], while includ-
ing diverse generative sources, often incorporate less challenging
animation-style videos or emphasize dataset scale over detection
complexity. In contrast, our proposed AEGIS benchmark explicitly
prioritizes video authenticity detection by focusing solely on hyper-
realistic, semantically complex Al-generated videos, deliberately
excluding easily identifiable animation-oriented content. Unlike
prior datasets, AEGIS provides detailed multimodal annotations
and includes specially constructed challenging subsets enhanced by
GPT-4o0-refined prompts, explicitly designed to rigorously evaluate
the robustness and generalization capabilities of detection methods.

3 Dataset Construction

To advance research in video authenticity detection, we construct
AEGIS, a comprehensive dataset consisting of both Al-generated
and real-world videos. This section details our systematic construc-
tion pipeline, as illustrated in Figure 2, which comprises three main
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stages: data collection, data filtering, and data splitting. An overview
of the final structure of the AEGIS dataset is provided in Table 1.

3.1 Data Collection

3.1.1 Real Video Collection. To ensure high realism, diversity, and
visual complexity, we collect authentic videos from three sources:
(1) Vript Dataset [43]: We utilize approximately 12,000 annotated
videos sourced from YouTube (horizontal, long-form) and TikTok
(vertical, short-form). This cross-platform selection captures inher-
ent content and stylistic biases associated with different formats,
thus preserving the diversity characteristic of real-world videos.
(2) DVF Dataset [35]: Specifically selected for its high visual com-
plexity and realism, DVF consists of diverse human-recorded video
clips that capture subtle details and closely mimic the complexities
of genuine human-generated content. (3) Supplemental YouTube
Collection: To further augment the realism and practical applica-
bility of our dataset, we independently collected minimally edited
videos from YouTube, including raw street interviews, wildlife doc-
umentaries, and authentic vlogs. We systematically applied 30 pre-
defined search queries designed to maximize diversity and ensure
authenticity. Each collected video was rigorously verified through
manual inspection and standardized by trimming clips to dura-
tions ranging from 2.4 to 10 seconds, removing audio tracks, and
maintaining a resolution diversity spanning from 360p to 4K. This
careful standardization process significantly improves the dataset’s
realism, representativeness, and complexity, effectively facilitating
robust model evaluation.

3.1.2  Synthetic Video Collection. Our synthetic subset rigorously
integrates publicly available advanced datasets and independently
generated synthetic content, employing SOTA generative mod-
els to ensure both diversity and realistic complexity. (1) TIP-12V
Dataset [41] 2: This dataset provides 500,000 synthetic video clips,
generated from 100,000 prompts using five SOTA video generation
models: Stable Video Diffusion [3], CogVideoX-5B [44], I2VGen-
XL [47], Open-Sora [49], and Pika [33]. (2) Proprietary Model
Generation via KLing and Sora: To further evaluate and enhance
model robustness under challenging scenarios, we independently
generated synthetic videos utilizing proprietary, SOTA generative

!Parts of the video frame examples in Figure 1 and Figure 2 are sourced from [41] and
[43].

2We used the official curated subset of the original TIP-I2V dataset, available at https:
//huggingface.co/datasets/WenhaoWang/TIP-12V/tree/main/subset_videos_tar
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Step 2: Data Filtering

Reality ‘ Select videos with realistic style, remove art or anime style ones

Synthetic Videos

Content-enhanced Prompt

A nighttime highway it by rows of tall
streetlights as a live newscast unfolds. The
reporter, holding a microphone, speaks into
the camera while cars speed past, their
headlights creating streaks of white light.

B S
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C KUne Al —
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Step 4: Benchmarking

Step 3: Data Splitting

Figure 2: The AEGIS Dataset Construction Pipeline. Step 1: Data Collection — Collecting real and synthetic videos from
diverse sources. Step 2: Data Filtering — Applying three key principles: reality (removing non-photorealistic content), difficulty
(discarding easily detectable fakes), and diversity (ensuring variation in content, resolution, and duration). Step 3: Data Splitting
- Creating balanced training, validation, and hard test sets. Step 4: Benchmarking — Evaluating vision-language models under
different settings including zero-shot inference, structured reasoning prompt, and low-rank adaptation (LoRA) fine-tuning.!

models, namely KLing [19] and Sora [32]. High-quality textual
prompts were meticulously sourced from the extensive HD-VG-
130M dataset [40], and carefully crafted with reference to exemplary
demonstrations provided by the official KLing [19] and Sora [32]
showcases. Each prompt underwent an additional refinement pro-
cess leveraging GPT-4o [31], ensuring enhanced detail, semantic
precision, and realism. We systematically generated a balanced
collection of 218 synthetic videos, carefully controlling for diver-
sity in visual content, resolutions ranging from 360p to 1080p, and
durations varying from 5 to 10 seconds.

3.2 Data Filtering

To support robust training and evaluation of authenticity detec-
tion models, we propose a unified filtering framework grounded
in three principles, Reality, Difficulty, and Diversity, applied
to both real and synthetic subsets. The framework ensures that
real-world samples exhibit high-fidelity, unaltered content, while
synthetic samples are photorealistic yet non-trivial to detect. It
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further promotes content diversity critical for generalization across
visually complex scenarios.

(1) Reality. We ensured that all included videos—whether real
or synthetic—exhibit photorealistic styles by removing art-style,
low-quality, or heavily edited content. For the real videos, since
datasets like Vript [43] and the Supplemental YouTube Collection
contain web-sourced material, many clips were either Al-generated
or excessively edited. To address this, we employed Qwen2.5-VL [1]
to classify approximately 9,000 clips into camera-shot (authentic),
heavily edited, and Al-generated categories, discarding around
4,000 non-authentic samples. For the DVF dataset, we performed
additional manual reviews to ensure visual quality and authenticity.
For the synthetic videos from the TIP-12V dataset [41], we first
selected high-quality, photorealistic prompts from the 100,000 offi-
cially provided. Prompts with abstract, implausible, or stylistically
inconsistent content were excluded. We then verified that the de-
scribed actions were visually feasible and semantically coherent,
filtering out physically unrealistic or static scenarios. After this
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two-stage filtering process, 17,000 prompts were retained. For each
prompt, we randomly selected one generated video from among
five aforementioned candidate models. Due to the relatively low
visual quality of Open-Sora’s outputs [49], its generated videos
were further removed from our subset. In addition, we applied man-
ual filtering to ensure the visual realism of videos generated by
KLing [19] and Sora [32].

(2) Difficulty. After the Reality filtering, the remaining synthetic
videos from the TIP-I2V dataset underwent an additional round
of screening using zero-shot classification with the Qwen2.5-VL
model [1]. This step was designed to further eliminate samples that
exhibit obvious signs of synthetic generation. Specifically, we used
Qwen2.5-VL to classify each video as either “Al-generated” (True)
or “not Al-generated” (False). Videos that were confidently pre-
dicted as “Al-generated” were discarded. In contrast, videos labeled
as “not Al-generated” with lower model confidence were retained.
This procedure resulted in a curated subset of approximately 5,000
synthetic clips, which exhibit greater visual realism and are less
likely to be trivially detected as generated. This additional refine-
ment step ensures that the synthetic data used in our evaluation is
both challenging and of high perceptual quality.

(3) Diversity. We ensured diversity in both real and synthetic
videos across scene types, subjects, and visual conditions. Real clips
span indoor and outdoor environments, human, animal, and object
subjects, as well as urban and rural scenes, with durations ranging
from 2.4 to 10 seconds and resolutions from 360p to 4K. Synthetic
videos were generated from diverse prompts using four SOTA gen-
erators, introducing variations in motion, actors, backgrounds, and
lighting conditions. Scene tag distributions (visualized via a word
cloud) and resolution-duration scatter plots confirm broad coverage
across both semantic and visual dimensions.

Overall, our comprehensive filtering pipeline ensures that the
resulting dataset is both high-quality and representative, enabling
robust and realistic evaluation of video authenticity detection meth-
ods. After applying all filtering procedures, the finalized AEGIS
dataset comprises approximately 5,199 synthetic and 5,271 authen-
tic videos, systematically curated to support reliable benchmarking
across diverse and challenging scenarios.

3.3 Data Splitting

To effectively benchmark models under realistic deployment sce-
narios and rigorously evaluate their generalization capabilities, we
systematically divided the filtered AEGIS dataset into three subsets:
Training Set, Validation Set, and Hard Test Set. The Training and
Validation Sets primarily include filtered authentic videos from
Vript dataset [43] and high-quality synthetic videos from TIP-12V
dataset [41]. The Training Set facilitates the learning of discrimina-
tive features that distinguish authentic from synthetic videos, while
the Validation Set supports hyperparameter tuning and preliminary
model evaluation. The Hard Test Set specifically evaluates model
robustness and generalization under more challenging conditions.
It comprises diverse authentic videos from DVF dataset [35] and
Supplemental YouTube Collection, and advanced synthetic videos
generated by proprietary models KLing [19] and Sora [32]. Se-
lected for complexity and subtlety, these samples provide a critical
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benchmark for assessing models’ capabilities in realistic scenarios
involving sophisticated forgeries and nuanced visual details.

3.4 Multimodal Annotations

Effectively distinguishing Al-generated videos from authentic ones
requires capturing and representing complementary visual cues
across multiple dimensions, as emphasized in recent studies [5, 11].
To support this goal, AEGIS provides rich multimodal annotations
for each video, covering, Semantic-Authenticity Descriptions,
Motion Features, and Low-level Visual Features.

(1) Semantic-Authenticity Descriptions. To capture both high-
level semantics and authenticity-related cues, we provide two types
of textual descriptions for every video: semantic descriptions and
authenticity reasoning descriptions. For synthetic videos, we di-
rectly use the original prompts from the TIP-12V dataset as semantic
descriptions, which specify the intended scene, objects, and actions.
For real videos, where no prompts are available, we extract frame-
level embeddings using CLIP [34] and apply k-means clustering
(k = 8) to identify representative key frames. We then query GPT-
4V [30] to generate semantic descriptions summarizing the content
of these key frames. In addition, for both real and synthetic videos,
we provide authenticity reasoning descriptions. For each video, we
inform GPT-4V of its ground-truth label (real or Al-generated), and
prompt it to explain the reasoning behind the label based solely
on the visual content. These explanations may highlight temporal
smoothness, lighting consistency, or the presence of visual artifacts,
offering human-interpretable insights into authenticity cues.

(2) Motion Features. Realistic motion tends to be temporally
smooth and physically coherent, whereas synthetic videos often
exhibit subtle artifacts or violations of natural dynamics. To capture
such motion inconsistencies, we extract dense optical flow fields us-
ing the RAFT algorithm [37], enabling fine-grained characterization
of frame-to-frame motion patterns.

(3) Low-level Visual Features. Low-level vision features address
subtle yet revealing pixel-level and frequency-domain discrepan-
cies, such as edge sharpness, compression artifacts, overly smooth
textures or repetitive patterns and dynamic range variations. we
compute the 2D Fast Fourier Transform (FFT) of each grayscale key
frame and apply Radial Integral Operations (RIO) to summarize
frequency energy across orientations.

3.5 Distinctive Contributions of AEGIS

The proposed AEGIS dataset advances video authenticity detection
by explicitly addressing the challenges posed by hyper-realistic
Al-generated videos that closely resemble authentic human-created
content. Unlike existing benchmarks that often include stylized
animations or trivially detectable scenarios, AEGIS focuses exclu-
sively on visually nuanced and contextually rich videos, deliberately
curated to reflect the complexities of real-world detection tasks.
Furthermore, AEGIS leverages GPT-4o-refined prompts and state-
of-the-art proprietary generative models—such as KLing and Sora—to
synthesize highly realistic and deceptive forgeries. These, combined
with carefully selected authentic samples, form the Hard Test Set,
a rigorous benchmark designed to evaluate model robustness and
generalization under challenging, real-world conditions.
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In addition, AEGIS provides ready-to-use multimodal visual cues
to support downstream tasks in synthetic video detection and inter-
pretable reasoning, facilitating deeper insight into model behavior
and failure cases.

4 Benchmarking on AEGIS

In this section, we design evaluation strategies to benchmark the au-
thenticity detection performance of SOTA vision-language models
on our AEGIS dataset.

4.1 Benchmarking Setup

We evaluate two subsets. (i) An in-domain test set: a subset ran-
domly sampled from the validation set, sharing the same distribu-
tion as the training data; (ii) The Hard Test Set (see Sec. 3.3): an
out-of-domain split explicitly designed to assess model robustness
and generalizability on challenging synthetic videos.

Baseline Models. We evaluate two SOTA vision-language mod-
els on the AEGIS dataset: Qwen2.5-VL [1] and Video-LLaVA [23].
Qwen2.5-VL is a strong general-purpose model with robust mul-
timodal comprehension and competitive performance on video-
centric tasks; we consider both its 3B and 7B variants. Video-LLaVA
is a representative auto-regressive transformer model designed to
unify image and video understanding within a single framework.

4.2 Benchmarking Strategies

To systematically examine model performance under different lev-
els of task conditioning, we implement three evaluation strategies:
(i) Zero-shot Inference, (ii) Structured Reasoning Prompt, and
(iii) Low-Rank Adaptation (LoRA) [13] fine-tuning. To lever-
age extracted multimodal cues during inference, pre-extracted key
frames are fed to the vision-language models using the <image>
token format supported by the model interface.

(1) Zero-shot Inference. We employ a minimal prompt to solicit
a binary decision from the model: “You are an expert in Al-generated-
content (AIGC) detection. Given a video, determine whether it is real or Al-
generated.” This setup evaluates the model’s default capability to perform
authenticity detection given only a task description.

(2) Structured Reasoning Prompt. We construct a multi-step prompt
that guides the model through a detailed reasoning process over several
visual dimensions, including frequency artifacts, lighting consistency, com-
pression noise, and physical plausibility. Our reasoning-enhanced prompt
template is provided in the supplementary link.

(3) LoRA Fine-tuning. To explore task-specific adaptation, we fine-tune
Qwen2.5-VL [1] on the training set using LoRA [13] (learning rate 1e™*,
rank 8, 3 epochs). We utilize the widely-used framework llama-factory [48]
for effective training. This setting serves to quantify potential gains from
lightweight supervision and evaluate model generalization beyond training
distribution.

For each setting, we report four metrics: Acc,j;: overall classification
accuracy (from 0 to 1). Accyeqr: accuracy on authentic videos;. Accg;: ccu-
racy on synthetic videos. Macro-F1: Unweighted average F1 score across
the two classes.

4.3 Benchmarking Results

Experiments conducted on the AEGIS dataset serve two purposes: (i) to
show that current VLMs struggle with video authenticity evaluation on
AEGIS, and (ii) to test whether additional training on AEGIS improves their
performance.
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AEGIS Reveals Gaps in VLMs Zero-Shot Detection. As shown in Ta-
ble 2a, SOTA models like Qwen2.5-VL [1] achieve low synthetic video
detection accuracy ( Accg; from 0.22 to 0.23 ) on the AEGIS Hard Test
Set under zero-shot settings. This highlights the substantial gap between
existing model capabilities and the high visual fidelity of AEGIS samples.
Furthermore, prompt-based reasoning offers little improvement. As illus-
trated in Table 2b, accuracy further drops from 0.22 to 0.16 when applying
direct textual prompts to Qwen2.5-VL 7B. This unexpected performance
indicates that conventional prompting strategies fail to capture the nuanced
visual and semantic cues characteristic of high-quality forgeries in AEGIS.

Table 2: Detection Accuracy on Hard Test Set

(a) Zero-shot Inference

Model Accqyp Accrear  Accgi Macro F1
Qwen2.5-VL 3B 0.52 0.80 0.23 0.48
Qwen2.5-VL 7B 0.59 0.89 0.22 0.52

Video-LLaVA-HF 7B 0.5 0.0 1.0 0.33
(b) Structured Reasoning Prompt

Model Accqyp AcCrear  Accqi  Macro F1
Qwen2.5-VL 3B 0.47 0.58 0.35 0.46
Qwen2.5-VL 7B 0.57 0.97 0.16 0.48

Video-LLaVA-HF 7B 0.46 0.29 0.63 0.45

Training on AEGIS boosts authenticity detection. Fine-tuning with
LoRA yields substantial performance gains on the in-domain test set—for in-
stance, the macro-F1 of Qwen2.5-VL 7B increases from 0.43 to 0.82. However,
as shown in Table 3, improvements on the Hard Test Set remain marginal,
with macro-F1 rising only slightly from 0.52 to 0.55. This underscores the
persistent challenge of generalization to realistic, high-fidelity forgeries.

The stark contrast between performance on in-domain data and the Hard
Test Set underscores the critical generalization challenges posed uniquely
by AEGIS. Despite targeted fine-tuning, current models still struggle to
generalize learned authenticity cues effectively when confronted with subtle
and realistic videos deliberately included in the Hard Test Set.

Table 3: Detection Accuracy on Two Test Set after Fine-tuning

M T Eval  Accay AcCreal AcCai Macro-F1
3B ID A 0.65 0.87 0.55 0.65
7B D ZS 0.45 0.50 0.20 0.43
3B D LoRA 0.78 0.35 1.00 0.69 (+0.04)
7B D LoRA 0.83 0.99 0.75 0.82 (+0.41)
3B HT A 0.52 0.80 0.23 0.48
7B HT ZS 0.59 0.89 0.22 0.52
3B HT LoRA 0.56 0.14 0.97 0.47 (-0.01)
7B HT LoRA 0.61 0.99 0.24 0.55 (+0.03)

M: Model size (3B = Qwen2.5-VL-3B, 7B = Qwen2.5-VL-7B); T: Test set (ID = In-domain,
HT = Hard test set); Eval: Evaluation Type (ZS = Zero-shot, LoRA = After LoRA fine-
tuning).

This limitation strongly indicates the need for future research to explore
more advanced and robust fine-tuning or domain adaptation strategies
explicitly tailored toward enhancing model generalization to AEGIS-level
forgery complexities. These insights collectively underline the unique value
and significant challenge presented by AEGIS, clearly establishing it as a
critical resource for advancing robust, realistic, and highly generalizable
Al-generated video detection research.

5 Conclusion

In this work, we presented AEGIS, a novel large-scale video authenticity
benchmark explicitly targeting sophisticated Al-generated videos. Unlike
existing datasets, AEGIS prioritizes hyper-realistic scenarios and excludes
simplistic or easily detectable samples, significantly enhancing detection
complexity and realism. Through rigorous data filtering, strategic dataset



9 AEGIS: Authenticity Evaluation Benchmark for Al-Generated Video Sequences

partitioning, and the inclusion of deceptive samples from advancing gener-
ative models (e.g., Sora, KLing), AEGIS raises the bar for synthetic video
detection. Experimental evaluations reveal that even SOTA vision-language
models struggle to generalize in zero-shot settings, particularly on the Hard
Test Set. Furthermore, AEGIS offers multi-dimensional visual cues with
rich multimodal annotations. These not only support downstream detection
tasks but also facilitate interpretable reasoning, enabling finer-grained anal-
ysis of model failures and decision boundaries. We believe AEGIS establishes
a foundational shift in synthetic video detection research by providing a
challenging, diverse, and explainability-oriented benchmark, essential for
the development of robust and trustworthy multimodal AI systems.
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