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Abstract

The rapid spread of AI-generated videos on social media
has made judging video authenticity an everyday task. At
the same time, computational techniques that can accu-
rately and quickly distinguish natural from synthetic con-
tent at internet scale have proven elusive. We investi-
gated people’s ability to distinguish authentic videos and
AI-generated videos produced by state-of-the-art text-to-
video models while varying video duration (from a single
frame to 8s). Detection of AI-generated content improved
with duration (58% to 75%), but accuracy for real videos
remained near constant (∼60%). Signal-detection and con-
fidence analyses revealed a key asymmetry: additional evi-
dence increased rejection of fakes without increasing trust
in real videos. We also examined factors influencing judg-
ments: detection was higher for AI-generated videos de-
picting humans, and reported strategies emphasized mo-
tion, body parts (e.g., hands), and image quality. These
findings suggest that the improvements in the realism of
AI-generated videos may reduce the basis for trusting any
video, rather than only making fakes harder to detect.

1. Introduction

During the recent U.S. government shutdown, federal food
assistance was disrupted for millions of Americans [12, 16,
25]. The ensuing events were covered by Fox News in a
story titled “SNAP beneficiaries threaten to ransack stores
over government shutdown” [10, 24]. Soon after, it was re-
vealed that the associated video footage was AI-generated,
having originated from a spate of racially-charged videos
shared on social media [20].

This is just one example of how the proliferation of AI-
generated videos shared on social media is causing confu-
sion about what is happening in the world. Just in the past
year (2025) for example, social media posts have also in-
cluded a mixture of authentic and AI-generated videos of

ICE agents clashing with local police officers [11] and of
the damage in Jamaica following Hurricane Melissa [2].
This mixture of content raises concerns that AI-generated
videos will be mistaken as real, and the inverse problem:
that important authentic content can be dismissed as AI-
generated [3, 22].

Current computational techniques for detecting and
alerting users about AI-generated videos do not yet oper-
ate at the efficiency or accuracy to be practical at internet
scale [6] nor are they readily available to the general pub-
lic. As such, consumers often have to fall back on their
own perceptual and subjective judgments of video authen-
ticity. As AI technology continues to advance rapidly, our
understanding of whether we can trust these judgments has
become a moving target.

When it comes to still image and audio-only media, there
is converging evidence that people can no longer reliably
distinguish between what is real and what is AI gener-
ated. Research conducted in 2022 and 2023, for exam-
ple, found that participants were on average near or be-
low chance at detecting that an image of a face was AI
generated [14, 18]. Contemporaneous studies on detection
of AI-generated voices reported performance well above
chance [15, 23], but a more recent study in 2025 suggests
that this gap is closing [1].

While the realism of AI-generated or AI-manipulated
videos is advancing rapidly, it has tended to lag behind
image- and audio-only content [26]. This lag is likely due
to the additional cues available in videos, such as audio-
visual misalignment and motion artifacts. For example, re-
cent studies examining videos of people talking suggest that
the combination of audio and visual cues can boost people’s
detection of AI-generated and AI-modified content [5, 9].
For visual-only content, the presence of violations of the
laws of physics or deviations from typical human motion
can provide salient cues in AI fakes [8, 17]. However, a re-
cent evaluation by Runway AI (a company producing tools
for creating AI-generated video) reported that over 90%
of viewers could not reliably distinguish their state-of-the-



Figure 1. Initial frames from example videos used in the study. The left-most frames are authentic; the rest of the frames are generated
based on text descriptions of the authentic videos (from left to right: Veo 3.1, Sora 2, and Seedance 1). Participants judged whether
each video was real or AI-generated. Authentic videos were all sourced from Pixabay. From top to bottom, the Pixabay creators are:
AlexKopeykin, AlexKopeykin, Sayakulov, and McPix22.

art AI-generated videos from real footage [21]. Thus, at
present, people’s ability to detect that a video is AI gener-
ated likely hinges on the interaction between the realism of
the multimodal video dynamics and the sensitivity of the
human visual system to pick up on any physical violations.

There are many different techniques available for us-
ing AI to generate and manipulate videos. Modern text-
to-video techniques, which are the focus of our study, cre-
ate videos from a descriptive text prompt (e.g., “An out-
door seaside promenade or boardwalk in the late afternoon
with a cloudy sky.”). Because the text-to-video models that
are currently popular online, like OpenAI’s Sora [19] and
Google’s Veo [4], are being updated constantly, the realism
of their most recent iterations has yet to be systematically
studied. Here we focus on state-of-the-art text-to-video
content and report the results of an online study addressing
some basic questions: How well can people reliably dis-
tinguish authentic from AI-generated visual content? How
does their performance depend on the length of the video
and the type of motion? How confident are people in their
judgments and is their confidence warranted?

2. Methods

2.1. Participants
We recruited a total of 400 participants through the online
research platform Prolific. To ensure data quality and lin-
guistic comprehension, eligibility was restricted to individ-
uals located in the United States who spoke English as a
first language and maintained a prior approval rating of at
least 75% on the platform. Participants were also required
to have normal or corrected-to-normal vision, which was
self-reported via a screening questionnaire. The study was
approved by the Institutional Review Board (IRB) at Uni-
versity of California, Berkeley. All participants provided
informed consent prior to starting the study and were com-
pensated for their time. After applying exclusion criteria
(see Section 2.4.1), the final sample consisted of 376 partic-
ipants.

2.2. Stimuli
2.2.1. Authentic Videos
Authentic videos were sourced from Pixabay, a stock video
platform. To ensure diverse content, we used GPT-5.2 to
generate 24 search phrases: 12 targeting videos featuring



people (e.g., “person walking through a busy market”) and
12 targeting videos without people (e.g., “waterfall in a for-
est,” “traffic crossing a bridge”). The non-people phrases
were balanced between urban/indoor scenes and natural
outdoor scenes. For each search phrase, we selected the
first video meeting the following criteria: (1) natural motion
without slow-motion, time-lapse, or other speed effects; (2)
single continuous shot; (3) horizontal format; (4) minimum
duration of 12 seconds; (5) no obvious unnatural artifacts;
(6) not flagged as AI generated by Pixabay; and (7) full
color. All videos were posted in 2024 or earlier. Videos
were downloaded at the highest available resolution.

2.2.2. AI Video Synthesis

For each authentic video, we generated a corresponding
text prompt using GPT-5.2. Each video was uploaded with
the instruction: “Write a prompt for a text-to-video gener-
ator that will lead it to create a video with content simi-
lar to this one.” The resulting prompts were reviewed and
lightly edited for accuracy, brevity, and clarity. These 24
prompts were then used to generate synthetic videos from
three state-of-the-art text-to-video models: Google Veo 3.1,
ByteDance Seedance Pro 1, and Sora 2, which we refer
to as Veo, Seedance, and Sora. These models were se-
lected based on their technical advancement and recent re-
lease windows (May–November 2025). This ensured that
our stimuli represented the current state-of-the-art diffusion
models. Although some models (Sora and Veo) generate
accompanying audio tracks, we focused exclusively on vi-
sual realism and removed all audio from the stimuli. This
procedure yielded content-matched stimulus sets: for each
of 24 content themes, we had one authentic video and three
AI-generated versions depicting the same scene, enabling
direct comparison of detection performance across sources
while controlling for content.

2.2.3. Video Processing and Standardization

All stimuli were processed using ffmpeg. We generated five
duration conditions for each unique video: a static image
extracted from the first frame (0s), and video clips of 2s,
4s, 6s, and 8s. The maximum duration was capped by the
generation limits of the Veo model. Source videos ranged
in resolution from 960 × 540 to 1920 × 1080 pixels and in
frames rate from 24 to 30 frames per second. To control for
resolution differences, all videos were down-sampled to a
consistent width of 800 pixels while preserving the original
aspect ratio, and a frame rate of 24 frames per second. The
complete stimulus pool comprised 480 items, structured as
a fully crossed set: 24 content themes × 4 sources (1 au-
thentic, 3 AI models) × 5 durations. Example first frames
from four content themes are shown in Figure 1.

2.3. Procedure

To prevent memory effects while ensuring balanced ex-
posure, the experiment employed a within-subjects design
with randomized sampling. Each participant completed 48
experimental trials (plus four catch trials). For each content
theme, a participant viewed two instantiations: one authen-
tic and one AI generated. The authentic trial stimulus was
selected at random from the five possible durations. The AI-
generated trial was randomly selected from the pool of 15
options (3 models × 5 durations). The presentation order
of the 48 trials, and the timing of the catch trials, was fully
randomized. This design ensured that each authentic/AI-
generated video was only seen at one duration, and that the
balance of authentic and AI-generated content was 1:1. As
a result of this design, more responses were collected for the
authentic stimuli at each duration (which had a 1/5 chance
of being presented) than for the AI-generated stimuli from
each model (which had a 1/15 chance of being presented).
Given the large number of research participants, this still
resulted in sufficient data to analyze differences between
models. Participants were not told what the ratio of authen-
tic to AI-generated content would be.

The experiment was hosted on the Qualtrics platform
and all trials were presented through the participant’s web
browser on their personal device. There was no restriction
placed on device type: it could be a desktop computer, lap-
top computer, tablet, or mobile phone. On each trial, a sin-
gle stimulus was presented in the browser window. For the
non-static conditions (2s, 4s, 6s, and 8s), participants were
forced to play the video at least once all the way through be-
fore submitting their responses, and they were allowed to re-
play the video as many times as they wanted. Following the
stimulus presentation, participants responded to two items:
“Is this video real or AI-generated?” and a 4-point Likert
scale asking “How confident are you in your choice?” Re-
sponse options were: 0 (Pure guess), 1 (Mostly guessing),
2 (Somewhat confident), or 3 (Fully confident).

To monitor participant attention, we interspersed four
catch trials throughout the session. Catch-trial stimuli were
constructed manually: each was 4s long, in which the first
half displayed a video, and the remaining half consisted of
a static image with explicit response instructions (e.g., “Se-
lect Real and 3 - Fully confident”). To preserve the overall
balance of authentic and AI-generated stimuli in the sur-
vey, two catch trials used authentic clips and two used AI-
generated clips.

At the end of the survey, participants were asked the fol-
lowing questions: What strategies did you use to decide
whether something was real or AI-generated? What parts
of the content did you focus on? When you were highly
confident in an AI-generated piece of content, what infor-
mation were you using?



2.4. Data Analysis

2.4.1. Data Preprocessing

Based on a pilot study, we established two a priori exclusion
criteria: participants were removed if they failed ≥1 catch
trial or took less than 10 minutes to complete the survey.
Of 400 initial responses, we excluded 2 participants who
completed in under 10 minutes, 19 participants who failed
at least one catch trial, and 3 incomplete responses, yielding
a final sample of N=376.

2.4.2. Statistical Analysis

Responses were analyzed using a mixed-effects logistic re-
gression model fit using MATLAB’s fitglme (maximum
pseudo-likelihood method). The dependent variable was
whether participants responded “real” on each trial (1 =
real, 0 = AI-generated). Fixed effects included stimulus
type (real, Veo, Sora, Seedance), video duration (0s, 2s, 4s,
6s, or 8s), and their interaction. Stimulus type and dura-
tion were coded such that model coefficients could be in-
terpreted relative to the real stimulus type at 0s (baseline).
Random intercepts and random slopes for duration were in-
cluded per stimulus item (N=96, defined as unique combi-
nations of model and video content) and random intercepts
only were included for participants (N=376).

Additionally, we quantified response bias using signal
detection theory metrics [13], collapsing across all partic-
ipants and stimuli. For each duration, we computed d′ (sen-
sitivity) from hit rates (proportion of real videos judged
“real”) and false-alarm rates (proportion of AI-generated
videos judged “real”). We also computed the response cri-
terion, where positive values indicate a conservative bias
(tendency to respond “AI generated”) and negative values
indicate a liberal bias (tendency to respond “real”).

To examine the relationship between confidence and cor-
rectness, we computed a confidence calibration score. For
each unique combination of stimulus type and duration, we
fit the trial by trial response accuracy as a function of the
confidence rating with a linear regression. Higher positive
regression line slopes indicate a stronger confidence cali-
bration: greater confidence was associated with better per-
formance. To assess statistical significance of this relation-
ship, we also fit a second logistic regression model to the
raw responses. This model was fit to the response correct-
ness (1=correct, 0=incorrect), and an additional fixed effect
was added for self-reported confidence (z scored). All two-
and three-way interactions among the fixed effects (confi-
dence, stimulus type, duration) were included. Random ef-
fects were the same as the first model.

For both logistic regression models, effect sizes are re-
ported in terms of odds ratios and statistical significance
was determined from t-statistics using a threshold of p <
0.05.

Figure 2. Classification accuracy in terms of percent correct (blue
for authentic, red for AI generated). Each data point was computed
by averaging across all participants and stimuli. Error bars indicate
95% confidence intervals, and are omitted from the individual AI
model lines for clarity. The horizontal dashed line indicates chance
performance of 50%.

2.4.3. Exploratory Analyses
We conducted additional exploratory analyses to character-
ize content-type and participant-level trends. We examined
whether performance differed between videos featuring hu-
man motion versus non-human motion, and whether device
type (mobile vs. other device types) or completion time af-
fected accuracy. Finally, we performed a word frequency
analysis on participants’ open-ended responses to identify
commonly reported strategies and cues.

3. Results

3.1. Duration Improved Detection of AI-Generated
Videos but Not Authentic Videos

When all people saw was the first video frame, they per-
formed modestly but consistently above chance at detect-
ing authentic and AI-generated content. Across all partic-
ipants and stimuli, the hit rate for authentic content at 0s
was 60.0% (95% CI: [57.7%, 62.2%]) and for AI-generated
content it was 57.7% (95% CI: [55.4%, 60.0%]).

The additional motion information provided by watching
authentic videos did not produce sustained improvement:
after a brief rise at 2 seconds, accuracy for authentic con-
tent returned to baseline levels (Figure 2, blue line). This
conclusion is supported by the regression model: the odds
ratio associated with duration for “real” responses was near
one and not statistically significant (Table 1).

Video duration did, however, notably help people detect
fakes. For all three AI models, detection accuracy system-
atically increased with duration (Figure 2, red lines). Av-
eraging across all models, this increase was almost 17 per-



Figure 3. (A) Sensitivity (d′) and (B) Criterion for authentic ver-
sus AI-generated classification. Dashed line in B indicates neu-
tral criterion. Each data point was computed by averaging across
all participants and stimuli. Error bars indicate bootstrapped 95%
confidence intervals.

centage points (from 57.7% at 0s to 74.6% at 8s). In the
regression analysis, this increase is indicated by significant
interactions with duration for each AI model, showing de-
creases in “real” responses with increasing viewing duration
(Table 1).

A follow up signal detection analysis suggests that this
pattern reflects both increased sensitivity (d′) (Figure 3A),
and a criterion shift towards skepticism of authenticity (Fig-
ure 3B). These changes together support the selective im-
provement in detection of AI-generated videos with dura-
tion: while classification sensitivity improves with duration,
the accompanying criterion shift toward skepticism helps
detect AI-generated content but does not improve trust in
authentic content.

Although the effect of duration was similar across AI
models, overall accuracy for AI-generated video differed
markedly across models. Across all durations, people were
best at detecting that Seedance videos were AI-generated
(77.8%), followed by Veo (65.7%) and Sora (62.0%).

Taken together, we infer that unrealistic dynamics in
videos help identify fakes, but realistic dynamics do not
necessarily improve the ability to confirm authenticity.

3.2. Duration Improved Metacognition for AI-
Generated Videos, but Not Authentic Ones

In addition to performing the real/fake classification, par-
ticipants reported their confidence on each trial. The me-
dian confidence rating was 2 (Somewhat confident) for all
four stimulus types (real, Veo, Sora, and Seedance), indicat-
ing similar confidence levels for authentic and AI-generated
videos.

We next examined whether participants’ confidence
tracked their actual accuracy, a measure of metacognitive
awareness [7]. For authentic videos, the relationship be-
tween confidence and accuracy was relatively flat across
durations, indicating stable (if modest) metacognition (Fig-

Table 1. Logistic Regression Model for P(Real) Responses.

Predictor β OR 95% CI t p

(Intercept) 0.590 1.80 [1.40, 2.33] 4.52 <0.001
Duration −0.014 0.99 [0.95, 1.03] −0.62 0.534
Mdl:Veo −0.914 0.40 [0.28, 0.58] −4.88 <0.001
Mdl:Sora −0.695 0.50 [0.35, 0.72] −3.73 <0.001
Mdl:Seedance −1.542 0.21 [0.15, 0.31] −8.12 <0.001
Mdl:Veo × Duration −0.102 0.90 [0.85, 0.96] −3.05 0.002
Mdl:Sora × Duration −0.109 0.90 [0.84, 0.96] −3.30 <0.001
Mdl:Seedance × Duration −0.112 0.89 [0.84, 0.96] −3.25 0.001

Note. Model includes random intercepts for participant (std. dev.=0.662)
and stimulus (std. dev.=0.583), and random slopes of duration by stimulus

(std. dev.=0.098, r=-0.19). Reference category=Real videos. Mdl =
model; OR=odds ratio.

Figure 4. Confidence calibration across viewing durations. Slopes
from linear regressions of accuracy with confidence for each
model at each duration. Positive slopes indicate that higher confi-
dence is associated with higher accuracy. Error bars indicate 95%
confidence intervals, and are omitted from the individual AI model
lines for clarity. The horizontal dashed line indicates zero calibra-
tion.

ure 4, blue line). However, for all AI-generated videos, con-
fidence calibration improved consistently with duration. In
the logistic regression analysis, this pattern is reflected in
a set of significant three-way interactions indicating that,
across the AI models, duration is associated with improved
accuracy more strongly when confidence levels are high
(Table 2).

Thus, our results suggest that unrealistic dynamics in
videos also selectively improve metacognitive awareness
when identifying fakes.

3.3. Stimulus and Participant Variability
Individual videos varied notably in the associated response
accuracy, with performance ranging from from 19% to 95%
across all individual videos (Figure 5). Collapsing across
the 24 unique content themes, variation in accuracy was



Figure 5. (A) Accuracy for each of the 24 content themes across the four stimulus types and on average. (B) Accuracy for each study
participant. Color indicates accuracy (teal=high, white = chance, brown=low).

Table 2. Logistic Mixed-Effects Model for P(Correct) with Confi-
dence Included.

Predictor β OR 95% CI t p

(Intercept) 0.572 1.77 [1.41, 2.23] 4.90 <0.001
Duration −0.014 0.99 [0.95, 1.02] −0.73 0.464
Mdl:Veo −0.237 0.79 [0.56, 1.11] −1.37 0.172
Mdl:Sora −0.434 0.65 [0.46, 0.91] −2.51 0.012
Mdl:Seedance 0.336 1.40 [0.99, 1.97] 1.91 0.057
Confidence (z) 0.148 1.16 [1.07, 1.25] 3.76 <0.001

Two-Way Interactions
Mdl:Veo × Duration 0.105 1.11 [1.05, 1.18] 3.53 <0.001
Mdl:Sora × Duration 0.115 1.12 [1.06, 1.19] 3.96 <0.001
Mdl:Seedance × Duration 0.111 1.12 [1.05, 1.19] 3.62 <0.001
Mdl:Veo × Conf 0.097 1.10 [0.94, 1.29] 1.22 0.221
Mdl:Sora × Conf 0.028 1.03 [0.89, 1.19] 0.37 0.713
Mdl:Seedance × Conf 0.164 1.18 [0.99, 1.40] 1.88 0.061
Dur × Conf −0.012 0.99 [0.97, 1.00] −1.45 0.147

Three-Way Interactions
Mdl:Veo × Dur × Conf 0.057 1.06 [1.02, 1.10] 3.25 0.001
Mdl:Sora × Dur × Conf 0.047 1.05 [1.02, 1.08] 2.90 0.004
Mdl:Seedance × Dur × Conf 0.067 1.07 [1.03, 1.11] 3.51 <0.001

Note. Model includes random intercepts by participant (SD=0.281) and
stimulus (SD=0.532), and random slopes for duration by stimulus

(SD=0.083; r=-0.25). Reference category=Real videos. Mdl = model;
OR=odds ratio.

lower but still notable (from 48% to 76%). We consid-
ered whether some of this content-based variability might
derive from differences between videos featuring human
motion versus non-human motion. Indeed, across all three
AI models and all video durations, detection accuracy was
consistently higher for videos depicting human motion than

non-human motion (Figure 6, red lines). Interestingly, this
human advantage was similar across video durations, and
it was not present for the authentic videos (Figure 6, blue
lines). Overall, this is consistent with the hypothesis that
visual artifacts in the appearance of people in AI-generated
imagery can provide key evidence of fakeness. However,
these results suggest the key artifact may be in the basic
appearance of people rather than their patterns of motion.

Participants also differed substantially in their accuracy,
from 42% to 92% (Figure 5B). To assess whether par-
ticipants who performed poorly may have simply rushed
through the task, we examined the relationship between
completion time and accuracy. We found no significant cor-
relation between completion time and accuracy among the
remaining participants (r = −0.01, p = 0.781).

Another potential source of individual differences could
be device usage. We examined whether performance dif-
fered for participants using mobile phones (N=38) versus
other devices (N=338). Mobile users showed slightly lower
accuracy on average (62%) compared to non-mobile users
(65%), but this variation is small in comparison to the full
range of performance. Since social media postings may be
likely to be viewed on mobile devices, this suggests that the
associated small screens do not meaningfully obscure au-
thenticity cues that people are currently relying on.

In responding to the open-ended strategy questions, par-
ticipants tended to use keywords that emphasized motion,
body parts/people, and image quality (Figure 7). However,
we did not observe any notable differences in the pattern of



Figure 6. Accuracy for content as a function of duration, separated
by motion type. Solid lines indicate videos featuring human mo-
tion; dashed lines indicate non-human motion. Error bars indicate
95% confidence intervals.

keywords used by participants with different performance
levels. Understanding the contributors to individual differ-
ences in performance on this task would be an interesting
direction for future work, since it may inform the design of
training or educational materials.

4. Discussion
Our findings reveal an asymmetry in how visual infor-
mation supports authenticity judgments: video dynamics
help viewers more confidently and accurately detect AI-
generated content but do not help them confirm that some-
thing is real. This pattern suggests that participants were
not verifying authenticity per se, but instead searching for
violations of expected physical structure and motion. As
temporal information accumulated, videos could be identi-
fied as AI generated when their dynamics conflicted with
learned expectations about how real scenes evolve (e.g., an
extra arm appears on a person). In contrast, authentic videos
did not appear to contain perceptual features that uniquely
certify realness: plausible content (e.g., a person with just
two arms) was not treated as proof of authenticity.

This interpretation carries an important implication: if
observers rely primarily on detecting violations rather than
verifying authenticity, then eliminating artifacts in AI-
generated videos may not cause fake videos to be accepted
as real so much as it may remove the basis for trusting any
video at all. Our confidence calibration results support this
interpretation: as violations in AI-generated videos accu-
mulated over time, observers not only became more accu-
rate but also more aware of why they were correct. Con-
fidence in authentic videos, however, did not benefit from
additional viewing because they provide little confirmatory
evidence, only the continued absence of detectable errors.

Figure 7. Values show percentage of participants who used each
word(s) in response to the three open-ended questions at the end
of the study.

The substantial variation across AI models, with Sora
producing the most convincing content and Veo the least in
this study, suggests that the detectability of fakes needs to
be re-evaluated as models improve. Importantly, the effect
of duration on performance was common across all mod-
els, suggesting that even the best current models contain
visual artifacts that people can use to accumulate evidence
against authenticity over time. As text-to-video models be-
come both more realistic and capable of producing longer
videos, it remains to be seen whether increasing fidelity will
eliminate the artifacts that currently allow viewers to gather
evidence against authenticity as viewing time increases.

Several limitations in the current study warrant high-
lighting. First, participants viewed videos in a controlled
experimental setting rather than in social media contexts
where attention and motivation differ. Second, our sample
was restricted to US-based English speakers; cross-cultural
differences in media literacy may moderate these effects.
Lastly, we used a relatively small sample of unique videos,
which may limit generalizability to video content themes
that are not captured in our dataset.

Future work should test whether the duration-driven ben-
efits observed here persist under realistic viewing condi-



tions (scrolling feeds, audio present, social context) and
whether targeted instruction can amplify them. More
broadly, our results suggest that temporal coherence may be
a key remaining failure mode for text-to-video models, and
that human performance under prolonged viewing provides
a practical behavioral benchmark for tracking progress.
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