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ABSTRACT

Can humans identify AI-generated (fake) videos and provide grounded reasons?
While video generation models have advanced rapidly, a critical dimension –
whether humans can detect deepfake traces within a generated video, i.e., spa-
tiotemporal grounded visual artifacts that reveal a video as machine generated – has
been largely overlooked. We introduce DEEPTRACEREWARD, the first fine-grained,
spatially- and temporally-aware benchmark that annotates human-perceived fake
traces for video generation reward. The dataset comprises 4.3K detailed anno-
tations across 3.3K high-quality generated videos. Each annotation provides a
natural-language explanation, pinpoints a bounding-box region containing the
perceived trace, and marks precise onset and offset timestamps. We consolidate
these annotations into 9 major categories of deepfake traces that lead humans to
identify a video as AI-generated, and train multimodal language models (LMs)
as reward models to mimic human judgments and localizations. On DEEPTRAC-
EREWARD, our 7B reward model outperforms GPT-5 by 34.7% on average across
fake clue identification, grounding, and explanation. Interestingly, we observe a
consistent difficulty gradient: binary fake v.s. real classification is substantially
easier than fine-grained deepfake trace detection; within the latter, performance
degrades from natural language explanations (easiest), to spatial grounding, to
temporal labeling (hardest). By foregrounding human-perceived deepfake traces,
DEEPTRACEREWARD provides a rigorous testbed and training signal for socially
aware and trustworthy video generation.

1 INTRODUCTION

Recent advances in video generation technologies, including Veo3 (Anil et al., 2024), Sora (OpenAI,
2024), Pika (Pika, 2024), Meta Movie Gen (AI, 2024), Gen-3 (Runway Research, 2024), Kling (Kling,
2024), and others (Yang et al., 2024; Team, 2024; MiniMax, 2024; Wang et al., 2023; Li et al., 2024b),
have demonstrated remarkable capabilities in producing increasingly realistic videos. Alongside
this progress, numerous studies about video generation have been conducted (Huang et al., 2023;
Liu et al., 2023; Bansal et al., 2024; Huang et al., 2024; Liu et al., 2025), such as evaluating video
prompt alignment towards a set of provided prompts as in VBench (Huang et al., 2023), or analyzing
the physical commonsense in deepfake videos as explored by VideoPhy (Bansal et al., 2024), etc.
However, these evaluations primarily compare AI-generated videos against a set of predetermined
criteria, neglecting one of the most fundamental aspect:

Can humans distinguish AI-generated videos from natural videos and provide grounded
reasons for their judgments?

This paper aims to emphasize the critical aspect of human visual perception on AI-generated videos,
as more responsible and trustworthy AI is needed (Harris, 2021; Twomey et al., 2023). We argue
that human-perceived “deepfake traces” – grounded visual artifacts and inconsistencies that reveal
machine generation – are essential for video generation models. We introduce DEEPTRACEREWARD,
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the �rst benchmark of human-perceived deepfake traces with �ne-grained, spatiotemporally grounded
expert annotations. As illustrated in Figure 2, we collect high-quality, realistic-style videos from
seven state-of-the-art (SOTA) video generators and provide expert-level, �ne-grained annotations
through the LabelBox (LabelBox, 2024) interface. The dataset comprises 3.3k generated videos with
4.3k detailed annotations and 3.3k real videos for experiment purposes. Each annotation (i) provides
a natural-language explanation, (ii) localizes the perceived deepfake trace with bounding boxes across
frames, and (iii) marks precise onset and offset timestamps. Despite strong surface realism, we �nd
that generated videos often betray their arti�cial nature through movement-related anomalies, ranging
from low-level visual artifacts such as object distortion, to higher-level commonsense violations like
the unnatural disappearance of objects. Inspired by these �ndings, we systematically analyze and
categorize annotated deepfake traces into nine major categories, as shown in Figures 1, 4 and 6.

To benchmark performance, we conduct extensive experiments with 13 baseline multimodal language
models (LMs), evaluating their capability to capture human visually perceived deepfake traces within
videos onDEEPTRACEREWARD. Interestingly, we �nd that although several SOTA multimodal
LMs – including GPT 5 (Achiam et al., 2023) and Gemini 2.5 Pro (Team et al., 2023) – achieve
high accuracy (>70%) on binary realvsfake video classi�cation, their ability to accurately ground
�ne-grained deepfake traces remains limited, with performances only ranging below 36%.

We further conducted experiments to train an improved reward model using our collectedDEEPTRAC-
EREWARD dataset. Building upon Video LLaMa 3 (Zhang et al., 2025), our 7B model achieves an
average performance of 70.2% across identi�cation, grounding, and explanation of deepfake traces,
surpassing GPT 5 and Gemini 2.5 Pro by 34.7% and 40.2%, respectively. Notably, we observe a clear
trend: binary fakevsreal video classi�cation is consistently easier for reward modeling than the more
challenging task of deepfake trace detection – our trained model can reach 99.4% for the classi�cation
task but 70% for others. Moreover, within the latter, the dif�culty increases progressively – from
natural language explanations (easiest), to bounding boxes, to temporal labeling (hardest). We believe
DEEPTRACEREWARD will serve as a valuable resource for collecting and analyzing �ne-grained
human perceived fakeness on AI-generated videos.

2 DEEPTRACEREWARD DATASET

Our goal is to collect �ne-grained, high-quality annotations for human-perceived deepfake traces
in AI-generated videos. We aim to investigate what kinds of fake cues humans can identify while
watching these videos, and to explore the detection gap between human perception and machine
predictions. This, in turn, offers deeper insights into the challenges and future directions for achieving
more robust video understanding and generation. In this section, we present our two-stage data
curation pipeline (§2.1), which includes prompt design and video collection. We then describe the
annotation process of DEEPTRACEREWARD using the LabelBox interface (LabelBox, 2024) (§2.2),
followed by an analysis of the dataset's key features and statistics (§2.3).

2.1 VIDEO COLLECTION

To curate our dataset, we �rst use GPT 4 (Achiam et al., 2023) to generate natural and realistic
prompts. These prompts are manually �ltered and then fed into various text-to-video (T2V) models
to synthesize candidate videos. A subsequent manual �ltering step retains only high-quality, realistic
videos. During this stage, we discard samples exhibiting severe visual degradation, implausible
physical interactions, or incoherent motion throughout the whole video.

What kind of videos should we collect?Two key criteria in our video collection process is to
include onlyhigh-quality generated videos thatcontain motion. The �rst criterion is motivated
by annotation challenges observed in low-quality videos generated by many open-source models,
which tend to be ambiguous, extremely short (e.g., only 1 second), or entirely distorted across all
frames – making them unsuitable for �ne-grained deepfake trace identi�cation. The second criterion
comes from our initial observations, thathumans sometimes cannot tell an AI-generated video as
fake, especially if the video is a still one. We apply manual �ltering on collected videos to preserve
the ones that depict dynamic scenes involving object or human movement – artifact patterns such
as unnatural trajectories, object distortions, and sudden blurring are far more likely to emerge in
movement-rich scenarios than in static scenarios, which rarely exhibit consistent visual anomalies.
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Figure 1:Human-perceived deepfake traces examples.The shown cases are selected fromPika 1.5,
MiniMax-Video-01, andSoragenerated videos. For each deepfake trace, we annotate local bounding
box regions, start and end timestamps, and provide natural language explanation. All fake trace
categories are summarized in Section 2.3 and distribution can be found in Figure 4.

Even after the manual �ltering, throughout the annotation process, in 6.0% videos annotators �nd
they can't tell if it's AI or not.

We collect generated videos directly using the following models: Kling 1.0 and Kling 1.5 (Kling,
2024), Pika 1.5 (Pika, 2024), and Mochi 1 (Team, 2024). For OpenAI's Sora (OpenAI, 2024),
we manually curated demonstration videos available on its of�cial website.1 For MiniMax-Video-
01 (MiniMax, 2024) and Gen-3 (Runway Research, 2024), we selected high-quality samples from
generations released by VBench (Huang et al., 2023). In total, we collected 3,318 unique high-quality
fake videos. To support the downstream goal of teaching multimodal language models to distinguish

1https://openai.com/sora/
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