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Abstract

Video generated by the current state-of-the-art gener-
ative models contain undesirable artifacts. We introduce
GeneVA, the first large-scale dataset of human-annotated
artifact bounding boxes in AI-generated videos. The dataset
consists of 16,356 AI-generated videos, each labeled by a
human annotator with per-frame artifact bounding boxes,
their labels and descriptions, and video quality ratings.
A custom data collection pipeline was developed in Pro-
lific, and a novel taxonomy for spatio-temporal artifacts
present in AI-generated videos was defined. The videos
were from the VidProM [41] dataset, with text prompts from
this dataset then used to generate an additional subset of
videos using Sora. We trained an artifact detector and
caption generator using a pre-trained image-based model,
and a custom temporal fusion module. The dataset can be
found at https://www.immersivecomputinglab.
org/publication/geneva. We hope that datasets like
GeneVA will encourage improvements in artifact detection
in AI-generated video towards applications such as deepfake
detection.

1. Introduction
Recent advancements in diffusion models have significantly
advanced text-driven visual generation, extending capabili-
ties from static image generation to dynamic video content
[15, 19, 23, 46]. Despite these breakthroughs, state-of-the-
art text-video generative models often introduce a number
of unique artifacts not present in still images [6]. In AI-
generated videos, both spatial (e.g., distorted geometry or
inconsistent appearance) and temporal (e.g., physically im-
plausible motion or temporal incoherence) artifacts arise.
A fundamental roadblock in characterizing and mitigating
these unique artifacts is the lack of data and metrics to assess
them. Crucially, while metrics [18, 49] may capture some
sense of overall quality, assessment by real human observers
is the highest standard for quality evaluation.

A wide body of research has studied the development
of computational metrics to predict visual quality with the

Figure 1. Human annotators were asked to describe, in a free text
form, artifacts in AI-generated video. A word cloud of the most
frequent artifacts mentioned by the annotators is shown here.

goal that the metric correlates well with real subjective re-
sponses. Popular examples of these automatic metrics in-
clude SSIM [49], LPIPS [42]. A number of metrics have also
been used to optimize and evaluate text-image generative
models. For example, the Fréchet Inception Distance (FID)
score [18] has been widely adopted to measure generation
realism. However, artifacts that arise from text-video gen-
eration may extend beyond what can be captured by these
metrics. An extension of FID to video [37, 38] has been
found to result in poor correlations with subjective judge-
ments in some cases [13]. To the best of our knowledge, a
dataset that comprehensively evaluates and annotates these
generative text-video artifacts does not exist, perhaps due to
the difficulty in collecting large-scale data of the sort.

In this paper, we present GeneVA, a rich human-annotated
dataset for generative text to video artifacts. GeneVA offers
a representative set of 5,452 text prompts sampled from real-
world human text inputs [41]. Then, 3 text-video generative
models (2 open-source and 1 commercial) were used to gen-
erate, with the text prompts as input, 16,356 videos amount-
ing to a sum 52, 326 seconds of content. In total, 16,451
crowd-sourced annotations of spatio-temporal artifacts was
collected. Annotated artifacts include both categorical se-
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Figure 2. We show example annotated bounding boxes for each model (labeled on the right). The bounding boxes are annotated in red, with
their artifact category and user-annotated description below the frames. Video quality (“Overall”) and video-prompt alignment (“Prompt”)
are shown to the left. Summary statistics are shown in the radar plots. Specifically, we show statistics for each artifact category, grouped by
category count, average video-prompt alignment, and average video quality rating given the user-selected artifact categories. This is done for
the three models in our dataset: Sora [3], VideoCrafter2 [7], and Pika [2]. See additional examples in the Appendix.

lections and free-response textual descriptions (as shown in
Figure 2). Our goal with GeneVA is to provide a robust,
challenging dataset to help the research community make
systematic progress on understanding complex visual arti-
facts. The long-term goal is to leverage this understanding
to build more reliable and human-centric generative models.

As a first step toward this goal, we also leveraged these an-
notations to develop an interpretable artifact detector pipeline
(Section 5.1). In addition to identifying artifact locations,
our system also generates human-readable explanations for
each artifact, enabling a fine-grained analysis of the genera-
tive model’s behavior. The artifact detector model achieves
13% Average Precision (AP0.25) and demonstrates promis-
ing generalization when applied to videos from external
models not seen during training. This highlights the robust
and generalizable nature of our dataset.

We will release the GeneVA dataset and the trained detec-
tor to the public upon acceptance. We envision the dataset

could serve as a new benchmark for future text-video gener-
ative models, and can launch new research in the direction
of artifact reduction and detection in AI-generated videos.

2. Related Work
This section reviews prior text-to-video datasets with human
quality assessments, summarized in Table 1.

The proliferation of generative AI has created a need
for the quality assessment of AI-generated images and
videos [29]. Numerous datasets that include human assess-
ments of AI-generated images have been made available
[9, 25, 45, 47]. Fewer datasets of this kind have been pro-
posed for text-video content. Chen et al. [10] collected
quality data for 9,180 videos, focusing specifically on video-
action pairs. VideoReward [28] and IPO [48] collected pair-
wise comparison data for content generated by a number of
different video generation models. Chivileva et al. [11] and
Huang et al. [21] collected human quality ratings and mea-



Table 1. Here, we shows existing datasets that are the most relevant to this work. We list the total number of models each work used to
generate their video dataset, the total number of videos in the dataset, the total number of human ratings, whether participants had to describe
artifacts, and whether participants localized artifacts by annotating bounding boxes. Notably, our dataset is the only one to include bounding
boxes that specify the artifact locations and text annotations that describe their nature.

Dataset Total Model Count Total Video Count Total Human Rating Count Description? Bounding Box?
T2V [11] 5 1,005 48,240 ✗ ✗
Vbench [21] 4 ∼1,700 – ✗ ✗
FETV [31] 4 2,613 28,116 ✗ ✗
EvalCrafter [30] 5 2,500 8,647 ✗ ✗
VideoScore [17] 11 37,600 – ✗ ✗

GeneVA 3 16,356 16,356 ✓ ✓

sured their alignment with quality metrics. The VideoScore
[17], FETV [31], and EvalCrafter [30] datasets collected
human rating across various aspects (temporal consistency,
text alignment, etc.) on a large set of generated videos. None
of these works, however, include bounding boxes on arti-
facts or free-form text descriptions of them. Such datasets
could be useful for detecting fraud or mitigating the spread
of misinformation, for example [33, 34]. Several datasets are
available for annotated bounding boxes in text-image content
[4, 12, 40, 43]. Very few works have collected a dataset of
this sort for text-video generation; one such example is for
the task of deepfake detection by Hondru et al. [20]. No
prior works that we are aware of provide annotated bounding
boxes for general text-video content.

3. The GeneVA Dataset
In this section, we describe how the text-video dataset is
collected and how human annotators label each video.

3.1. Synthetic Video from Text-to-Video Models
To effectively analyze artifacts in text-to-video generation,
we first require a robust and representative dataset of syn-
thetic videos. Our goal is to capture realistic scenarios and
diverse content typically encountered in real-world text-to-
video generation use cases.

We constructed our dataset by leveraging the large-scale
VidProM dataset [41], which contains 1.67 million unique
prompts derived from real-world user interactions (scraped
from Pika Discord servers) and corresponding videos from
multiple text-video generation models. To extract a represen-
tative subset that maintains the distributional properties of
this extensive collection, we employed kernel herding [8] on
3,072-dimensional embeddings of the prompts, which were
generated using OpenAI’s text-embedding-3-large model
[1]. We sampled 6,000 prompts using this approach, with
the goal of ensuring fair coverage across the semantic space
of prompts, avoiding sampling bias while preserving the
diversity of the original dataset. Figure 3c visualizes the dis-
tribution of our selected prompts. More details are available
in the Appendix.

To maximize diversity in terms of generated videos and
potential artifacts, our dataset incorporates videos from three
recent generative text-video models: Sora [3], Pika [2], and
Videocrafter2 (VC) [7]. Videos generated by Pika and VC
are directly extracted from the VidProM dataset [41]. We
supplemented these with newly generated Sora videos to
capture the current state-of-the-art performance and ensure
our analysis reflects the most recent advances in text-to-video
generation. For the Sora model, we generated 5-second
videos for each sampled prompt. Some prompts from our
original prompt sampling were excluded due to moderation
restrictions of the Sora model as well as our own manual
review to ensure appropriate video content. This careful
curation resulted in a final dataset of 5,452 unique prompts
and 16,356 synthetic videos across the three models, yielding
a total of 52, 326 seconds of diverse video content.

3.2. Human Annotations
Our goal is to gather human annotations for our curated text-
and-video pairs. Specifically, we aim to collect participants’
quality ratings of each video, as well as annotations of arti-
facts, including their category, description, and location. To
gather this data, we run a large-scale crowdsourced study
described below.

Participants We recruited study participants through the
online crowdsourcing platform Prolific. All study protocols
were approved by an institutional review board (IRB), and
subjects were compensated at a rate of $10/h.

Study Protocol A screenshot of our web-based annota-
tion tool is shown in Figure 4. The study was conducted
via a web browser, and run on the participant’s computer
screen. We did not enforce any requirements on users’ dis-
play specifications to better reflect real-world video viewing
conditions. Subjects were shown a 3-minute tutorial video
on example artifact labeling, controls, and procedures be-
fore proceeding with the annotation task. Each video was
played in its entirety before participants were allowed to
begin the annotation phase. During the annotation phase,



(a) original embedding space (b) cleaned embedding space (c) language prompts

Figure 3. (a)/(b) visualize the embedded feature space before and after our cleaning procedure. We note that the two plots look very similar.
Plots with different cluster counts are displayed in the Appendix. (c) We visualize the embedding space of prompts used in our dataset via
Wizmap [44]. Darker colors represent denser regions, which are labeled with their descriptors.

Figure 4. A screenshot of our video annotation interface. Users
annotate artifacts by (a) selecting a label category, (b) describing
the artifact in additional detail (free response), and (c) drawing a
bounding box around the artifact. Bounding boxes for the same
labeled artifact are interpolated across multiple frames as long as
the user draws an initial and final keyframe bounding box for the
artifact. Annotated bounding boxes are listed in the right side
column (enumerated per-frame) to allow for easy understanding of
which frames have been annotated and simple editing.

participants are shown the video and its corresponding text
prompt. For clarity, we provide the cleaned versions of the
original VidProM prompts that preserves the original’s se-
mantic intent (see Figures 3a and 3b and Appendix for more
details). Participants annotated artifacts by selecting a label
category from a pre-defined set (Figure 4 (a)) and describing
the artifact in additional detail (Figure 4 (b)). Artifact cate-
gories are selected to cover the most representative artifact
types in AI-generated video, and includes 1) Shape, Form,
Geometry, 2) Motion, 3) Physics, 4) Visual Artifacts, and

5) Other. Participants were free to scrub through the video
timeline to jump to specific frames of the video. For each
label, participants had the choice to draw a bounding box
around the artifact (Figure 4 (c)). Bounding boxes for the
same labeled artifact are interpolated across multiple frames.

To encourage users to prioritize reporting salient artifacts
rather than over-scrutinizing the videos, we set a limit of
five artifact annotations per video. This ensures that our data
primarily captures artifacts most likely to be noticed by a
typical user. Once the user submits their labeled artifacts,
they rate the video’s visual quality and its alignment with the
text prompt. Users submitted ratings on two separate 7-point
Likert scales from 1 (lowest) to 7 (highest).

Defining Artifact Categories To our knowledge, a com-
prehensive taxonomy for artifacts in AI-generated videos
does not yet exist. While several taxonomies for image-based
artifacts have been proposed [5, 22], these primarily address
static distortions but not the challenging spatio-temporal
artifacts introduced by video.

In the spatial domain, our categories are inspired by and
naturally overlap with existing image taxonomies: for exam-
ple, Cao et al. [5] includes Distorted/Deformated Compo-
nents, Abnormal Texture, and Chromatic Irregularity, while
Kamali et al. [22] highlights Anatomical and Stylistic Im-
plausibilities. These map to our Visual Artifacts and Shape/-
Form/Geometry categories. Finally, physics violations noted
by Kamali et al. [22] correspond to our Physics category.

Generated videos also exhibit temporal artifacts, such as
flickering or inconsistent object placement across frames.
While flickering has been studied in video compression [26],
it is newly relevant for generative models, motivating our
Motion category. We further included Semantic Mismatch
with Text to capture prompt misalignment, and an Other



Table 2. We show per-model characteristics, comparing videos
having a semantic match with the text prompt and those with a
mismatch. These results highlight the importance of ensuring that
generated videos are aligned with the semantics of the text prompts
used to generate them.

Model Category Quality Prompt # Artifacts # BBoxes # Samples
Pika Semantic Mismatch 3.604 2.938 1.59 48.12 704
Pika Semantic Match 4.268 4.677 1.02 32.25 4743
VC Semantic Mismatch 3.799 3.084 1.54 27.29 667
VC Semantic Match 4.453 4.971 0.99 17.75 4785
Sora Semantic Mismatch 4.998 3.933 1.48 76.00 489
Sora Semantic Match 5.460 5.600 0.81 32.25 4963

category for artifacts not covered by existing labels.
In addition to each category, we provided users with a

free-form text description. Examples of identified artifacts
from our dataset can be found in Figure 5.

4. Dataset Characteristics

To better understand what kinds of video content our sub-
jects annotated, in this section, we analyze and summarize
various properties of the AI-generated videos. A base sum-
mary of the free-form artifact descriptions users submitted is
visualized in Figure 1, which shows the most common words
used to describe artifacts. The distribution of video quality
and text prompt-alignment ratings is shown in Figure 6, sep-
arated by model. Interestingly, text prompt alignment scores
were right-skewed, but seem normally-distributed for video
quality (except for Sora).

Video summary statistics are shown in Figure 8, grouped
into 20 different semantic clusters (results for additional clus-
ter counts are displayed in the Appendix). To interpret the
discovered text prompt clusters, we analyzed their content
using TF-IDF and embedding-based proximity. First, we
filtered for prompts from clean sources and computed their
TF-IDF representations using a vocabulary of the top 10,000
words after removing English stopwords. For each cluster,
we calculated the mean TF-IDF scores and compared them
to global means across all prompts to identify cluster-specific
keywords. A log-ratio-based scoring function was applied
to highlight words that are both frequent within a cluster
and relatively rare globally. The top 4 scoring words were
selected as representative keywords for each cluster.

Based on the trends shown in Figure 8, we observe that
Sora generally outperforms Pika and VC, scoring higher on
average prompt and video quality ratings, as well as lower
on the average number of artifacts and total bounding box
coverage. Furthermore, VC and Pika video ratings hover
around the midpoint of the 7-point rating rating scale (red
dashed line in Figures 8a and 8b, while Sora is much higher
than the midpoint rating. Interestingly, VC scores notably
lower on the average number of bounding boxes per cluster.

Since we are studying the quality of text-to-video genera-
tive models, we also need to consider the extent to which the

semantic alignment between generated videos and their in-
put text prompts influences users’ subjective rating of video
quality. Table 2 shows the average quality score for videos,
grouped by model and whether or not users reported a se-
mantic match between the video content and the text prompt.
Unsurprisingly, the average quality and prompt alignment
scores are lower for semantic mismatches. Furthermore,
videos that had a semantic mismatch received more reports
of artifacts (‘# Artifacts’) and had more frames on average
with at least one bounding box annotation (‘# BBoxes’).

Finally, we inspected the correlation between video qual-
ity scores and the average spatio-temporal coverage of
bounding boxes across all videos. Spatio-temporal cov-
erage was defined as the percentage of frames and pixels
that were covered by at least one bounding box for a given
video. Figure 7 shows the box plot distributions of bound-
ing box coverages for each video, as well as the regression
lines for the correlation between video quality scores and
bounding box coverage. Unsurprisingly, we see a weak but
statistically significant inverse correlation between quality
scores and bounding box coverage for all models. As the
quality ratings of videos increase, the amount of bounding
box coverage decreases, indicating that higher-rated videos
have fewer perceived artifacts. The strongest correlation
(Pearson) between scores and coverage was found in the
VC model (r = −0.27, p < 0.0001) , with Pika having the
next strongest correlation (r = −0.25, p < 0.0001), and
Sora with the weakest correlation (r = −0.13, p < 0.0001).
For the data pooled across all models, this trend continues
(r = −0.26, p < 0.0001). Note that although the correla-
tion is statistically significant, the strength is relatively weak,
which suggests that the prevalence of bounding boxes in
videos cannot be simply predicted by video quality score
alone and that other features (e.g. temporal consistency,
shape deformation, etc.) may also contribute to the preva-
lence of bounding box annotations.

4.1. Inter-annotator Agreement Validation
Participants, Protocol, and Data We recruited study par-
ticipants following the same procedure and protocol de-
scribed in Section 3.2 to collect additional annotations to be
used for annotation validation. Sampling from our collected
annotations, from each of the five categories defined in Sec-
tion 3.2, we randomly selected five videos per generative
model that included an annotation from that category. This
resulted in a total of 75 videos (5 categories × 5 videos × 3
models). 10 different participants then annotated each video.
Thus, for every video, we collected 10 annotations, yielding
a validation dataset of 750 annotations in total.

Bounding Box Center Agreement For each annotation,
we computed the bounding box center in every frame where
it appeared and obtain an averaged representative center



(a) Shape, Form, Geometry (b) Visual Artifacts (c) Motion (d) Physics (e) Semantic Mismatch

Figure 5. Representative examples of the artifacts identified and categorized by users within our dataset. Each sub-figure highlights a
specific artifact category in our taxonomy, directly referencing the user’s original annotation. (a) Shape, Form, Geometry: The annotator
noted that "stumps on cucumber skin" are not a natural characteristic of this object’s form. (b) Visual Artifacts: The annotator pointed out
both a "distorted face" and a "random hand," which appears to be disconnected from a subject. (c) Motion: The annotator identified an
"unnatural arm movement" in the cat, highlighting an inconsistency in motion during the video clip. (d) Physics: The annotator flagged
"steam coming from nowhere," noting a violation of physical correctness. (e) Semantic Mismatch: The original prompt called for the
peacock to be surrounded by "a diverse array of animals and birds in a lively, nature-inspired setting." The annotator’s comment, "there is no
other animals in the video," identifies a mismatch between the prompt and the generated content.

Figure 6. Distributions of user-submitted scores for each video’s
(left) visual quality and (right) alignment between text prompt
and generated content. Both the video and text quality scores are
notably higher for Sora videos compared to the videos generated by
VC and Pika, which share very similar score distribution shapes.

Figure 7. Box plots showing the distribution of spatio-temporal
bounding box coverage across all videos, grouped by generative
model and video quality score. Whiskers represent 95% confidence
intervals. We also show the regression fits that denote the correla-
tion between video quality and bounding box coverage. The black
line shows the regression for the pooled data of all models.

per user and video. To assess spatial consistency, we then
computed the pairwise Euclidean distances between these
average centers across users and normalized the distances

by each video’s resolution. We report this as the average
artifact center disagreement, expressed as a percentage of
resolution. On average, the distance between different users’
annotated artifact centers for a given video was ≈ 16.2% of
the video size, indicating only moderate spatial consistency
across annotations.

Video and Prompt Rating Consistency We quantified
variability in participants’ ratings for video quality and
prompt matching by computing the standard deviation of rat-
ings for each video and then averaging across all videos. The
mean within-video standard deviation was 1.47 for video
quality ratings and 1.67 for prompt match ratings, indicating
moderate consistency across participants.

5. How Can We Use GeneVA?
To demonstrate how GeneVA can be utilized, we introduce a
system (Section 5.1) that automatically detects and describes
artifacts in generated videos. These outputs can then, in
theory, be used to improve video quality via downstream
tasks such as video inpainting.

5.1. Automated Artifact Detection
Given a video input, our goal is two-fold: 1) identify the
location of any immersion-breaking artifact, and 2) describe
the type of artifact detected. To accomplish these goals, we
propose a dual-stage pipeline that first identifies an artifact’s
coordinates with the Artifact Detector, then generates a
corresponding textual description with the Artifact Cap-
tion Generator. To leverage the strength of pre-trained
image-based models, we also introduce a Temporal Fusion
Module that learns to attend to temporally relevant informa-
tion across consecutive frames. Figure 9 shows the overview
of our pipeline.

5.1.1. Implementation Details
Temporal Fusion Module Given a video of T consecu-
tive frames V = {I0, . . . , IT−1}, a frozen backbone (e.g.



(a) video rating (b) prompt rating (c) # artifacts (d) # bboxes (e) total bbox coverage

Figure 8. Dataset statistics grouped by the top 20 semantic clusters and grouped by model. The example words for each cluster are the top 4
words in that cluster (zoom for better view). The dashed red line in subplots (a) and (b) indicate the midpoint of the 7-point rating scale.

Figure 9. Overview of our proposed pipeline for interpretable
artifact detection. First, the model processes a sequence of frames
to identify the location of an artifact in the central anchor frame
(highlighted in yellow). The system then generates a textual de-
scription to explain the nature of the detected artifact.

CNN) is used to extract a sequence of per-frame feature
vectors, ϕ(V) ∈ RT×d. This is passed through a temporal
self-attention layer which projects the features at each
spatial location into queries (Q), keys (K), and values
(V ) and calculates the attention-weighted representation
Softmax

(
QK⊤/

√
dh

)
V that fuses information across

frames. Attention parameters are learned jointly during the
training of each stage. In all experiments, we set T = 5
frames, sampled at 10 FPS, to give the model temporal
context for predicting artifacts of the central anchor frame.

Artifact Detector Existing object-detection pipelines often
rely on objecness scores (e.g., Faster R-CNN [36], YOLOs
[14, 24, 35]) which prioritize regions that resemble objects.
Video artifacts, however, can emerge anywhere in the
frame and may not resemble any conventional objects. To
avoid this bias, we adopt the end-to-end transformer-based

Table 3. Quantitative results for our artifact detection system on the
held-out test set. We report Average Precision (AP) at specific IoU
thresholds (AP25, AP50, AP75). AP denotes the standard COCO
metric [27], average over IoU thresholds from 0.5 to 0.95 in the
step of 0.05.

Method AP.25 AP.50 AP.75 AP
Ours 0.132 0.091 0.004 0.032
w/o temporal fusion 0.103 0.057 0 0.020

architecture proposed in RT-DETR [32, 50], which employs
an efficient hybrid encoder to achieve state-of-the-art
real-time performance. The model is initialized with
pre-trained weights (ResNet18 [16]) and then jointly
trained with the temporal fusion module for video artifact
localization.

Artifact Caption Generator The goal of this stage is to
generate a textual description for each artifact region. For
training, the model uses regions defined by ground truth
annotations, while during inference, it processes the regions
provided by our detector. We adopt the GIT architecture
[39], which utilizes a transformer decoder to autoregressively
generate text from visual embeddings. We use the pre-trained
weights (Vision Transformer from [39]) as our initialization
and jointly train with our temporal fusion module to generate
human-like textual descriptions of the localized artifacts.

5.1.2. Results
For this proof-of-concept study, we randomly sampled a
subset of 1,000 videos from our full dataset. This subset
is then split at the video level into an 80/10/10 for training,
validation, and testing, respectively. We used the validation
set to determine the optimal training epoch via early stopping
and report final performance on the held-out test set.

As shown in Table 3, for artifact detection, our system
achieves an Average Precision (AP.25) of 13% on the held-
out test set. This reflects the model’s ability to identify the
general location of an artifact, with detections being clas-
sified as correct based on an Intersection over Union (IoU)



Figure 10. Results of our artifact detection pipeline on an unseen generative model. Our system identifies and describes artifacts by making
predictions on the highlighted central frame (in orange) of a video sequence. The detected artifacts are visualized as red bounding boxes,
and the predicted descriptions are included above the sequence. The videos are generated by Google’s Veo model using text prompts from
our dataset. See the appendix for more results.

threshold of 0.25. We note that despite the broad agreement
on their general location (as discussed in Section 4.1), the
precise spatial boundaries of the artifacts are often subjective
(e.g. the extra finger vs the hand itself). For these reasons,
the IoU-based AP metric should be considered a conserva-
tive estimate of performance. Its rigid geometric evaluation
can penalize localizations that are otherwise perceptually
accurate.

For context, a random baseline achieves an AP.25 of
≈ 1% on the same task. We also conducted an ablation
study using single-frame inputs to isolate the effect of tem-
poral fusion. The lower performance (−3% in AP.25) when
removing temporal context indicates that temporal context
provides important clues in identifying video artifacts, many
of which are inherently temporal in nature.

Additionally, as a preliminary test of generalization, we
also apply our detector to videos from Google’s Veo1, a
model not seen during training. The system successfully
identified typical artifacts, such as unnatural movement (Fig-
ure 10), suggesting our diverse dataset helps mitigate overfit-
ting and encourages the learning of a general representation
of video artifacts.

6. Limitations and Future Work

Repeated annotations While conducting annotations
under a constrained budget, we faced a key trade-off
between the number of unique videos and the number of
repeated evaluations per video. Within a feasible cost
(about $8,000 USD in this experiment), we prioritized
maximizing the diversity of videos to capture a broader
range of language-conditioned contexts (5,452 prompts)
sampling with three common generative models, resulting
in 16,356 labeled videos. As a result, the current dataset

1https://deepmind.google/models/veo/

does not include multiple repeated annotations for the same
video. Future extensions incorporating repeated evaluations
would enable analysis of inter-observer variability and
provide a probabilistic understanding of artifact detectability.
Moreover, demographic information was not collected from
crowd-sourced participants to maintain privacy. Additional
studies with repeated experiments and optional demographic
reporting could also enhance data diversity by including
randomly sampled participants.

Number of artifacts annotated. A key challenge in
crowdsourced studies is ensuring data quality through
unambiguous task design. In our pilot experiments, we
found that participants often had inconsistent interpretations
of visual artifacts, particularly given their generative nature.
To address this, we instructed users to label no more than
five artifacts, encouraging them to focus on the most salient
ones, with the order indicating perceived importance. In
the future, we plan to develop more adaptive strategies
by leveraging insights from the initial GeneVA dataset to
predict the likely number of artifacts dynamically.

7. Conclusion

We introduced GeneVA, a large-scale, human-annotated
dataset to address a critical gap in understanding artifacts
in AI-generated video. By combining structured annota-
tions with free-form feedback, GeneVA offers a rich and
flexible resource for analyzing and predicting artifact oc-
currence at multiple levels of detail. Our proof-of-concept
experiments demonstrate its application for training effec-
tive artifact prediction models. We anticipate that the public
release of GeneVA will accelerate research on evaluating,
benchmarking, detecting, and potentially mitigating artifacts
in next-generation video generation systems.

https://deepmind.google/models/veo/
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1. Cluster Visualizations

(a) unclean prompts (b) clean prompts

Figure 1. We show the clustered original uncleaned (left) and cleaned (right) prompts for 10 clusters.

Additional visualizations of clustered prompts are shown here, in a similar style to Figure 3a/b in the main manuscript. Our
motivation for showing these cluster plots is to qualitatively validate our text prompt cleaning (described in the next section).
The reasoning is that, if clusters are roughly equivalent, then the cleaned prompts capture the intent of the original text prompts.
Figure 1 shows 10 clusters and Figure 2 shows 30. Qualitatively, we see that the cleaned prompts’ embeddings have similar
clustering behavior when projected to a low dimension. Even with a large number of clusters (30 clusters in Figure 2), this
observation holds.

2. Text Prompt Cleaning
We note that many of the text prompts from VidProM were not in a human-readable format. As such, we passed all these
original unclean text prompts through Gemini to display them in a readable form. The instruction prompt passed to Gemini
was the following:

system_instruction = f"""
Your task is to summarize a list of user prompts.

1



(a) unclean prompts (b) clean prompts

Figure 2. We show the clustered original uncleaned (left) and cleaned (right) prompts for 30 clusters.

Follow these rules strictly for EACH prompt in the list below:
1. Identify the core creative idea.
2. Remove all technical parameters, such as ’--ar 16:9’, ’--v 5’, ’-fps 2’, ’T252’, etc.
3. Remove all style, quality, or rendering keywords like ’photorealistic’, ’4k’, ’8k’,

’highly detailed’, ’unreal engine’, ’cinematic’, etc.
4. Translate any non-English parts of the prompt into simple, clear English.
5. Condense the core idea into one or two simple, human-readable sentences.
6. Return the summaries for each prompt in the exact same order they were given.
7. IMPORTANT: Separate each summary with the exact delimiter ’|||’. Do not add any other

text, numbering, or commentary.

Here are the prompts to summarize:
{formatted_prompts}

"""

Figure 3a and Figure 3b in the main manuscript show the unclean and clean text prompt embeddings, respectively, projected
onto a 2D space; qualitative inspection shows the two align well. In addition to the clustering, we manually confirmed that
cleaned text prompts capture the intent of the original prompts.

3. More Radar Plots
In the main manuscript, we showed radar plots across 20 clusters of embedded text prompts for each of the 3 models in our
dataset. Here, we plot these for 10 (Figure 3), 15 (Figure 5), 25 (Figure 6), and 30 (Figure 4) clusters. Of note is that similar
trends arise across all cluster counts, in a way described in the main manuscript.

4. Additional Artifact Detection Results
We show additional artifact detection results in Figure 7. Predicted artifact descriptions are at the top of each frame, and
detected artifacts are shown as a red bounding box.



(a) average video rating (b) average prompt rating (c) average # artifacts

(d) average # bboxes (e) average total bbox coverage

Figure 3. This figure shows results for 10 clusters.

5. Additional Bounding Box Visualizations
We include additional annotated bounding boxes in the same style as Figure 2. The artifacts are separated by model, where
Figure 8 shows labeled artifacts for Pika, Figure 9 for VC, and Figure 10 for Sora. Five annotated videos are shown for each,
and for unique artifact categories.

6. Additional Details on our prompt collection
The scale of the VidProM dataset [3] paired with its lack of direct prompt-to-file mappings became a challenge as we sought
to extract a specific subset. To address this, we developed a pipeline to retrieve the videos corresponding to the prompts
chosen by our kernel herding sampling. This involved downloading all TAR archives to our high-performance computing
infrastructure, mapping our herding-selected prompts to their corresponding UUIDs through the dataset’s indexing system, and
implementing custom extraction scripts to locate and organize target videos. This process was executed separately for Pika [1]
and VideoCrafter2 [2] content, with the curated dataset subsequently stored in S3 infrastructure for the human annotation
workflow. This approach ensures our dataset captures both the diversity of user intentions through representative prompt
sampling and the variety of current generation capabilities through strategic model selection, providing a robust foundation for
artifact analysis.
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(a) average video rating (b) average prompt rating (c) average # artifacts

(d) average # bboxes (e) average total bbox coverage

Figure 4. This figure shows results for 15 clusters.

(a) average video rating (b) average prompt rating (c) average # artifacts

(d) average # bboxes (e) average total bbox coverage

Figure 5. This figure shows results for 25 clusters.



(a) average video rating (b) average prompt rating (c) average # artifacts

(d) average # bboxes (e) average total bbox coverage

Figure 6. This figure shows results for 30 clusters.

Figure 7. Additional results for the artifact detection model.



Figure 8. Annotations for Pika model.



Figure 9. Annotations for VC model.



Figure 10. Annotations for Sora model.
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