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Abstract. We introduce EgoPolice, a carefully curated dataset of real,
egocentric police—civilian interactions, sourced from publicly available
body-worn camera videos. We select police-civilian action labels that are
critical for police behavioral research and annotate them at a second-
by-second granularity. The videos feature rapid and irregular camera
motion, dense human interactions, and rare high-stakes events, mak-
ing the dataset a challenging benchmark for motion-robust and context-
aware egocentric perception. We provide two different tasks, classifica-
tion and multiple-choice question-answering, and benchmark both open-
source and closed-source models. We find that even the best video models
like Gemini 2.5 Pro still struggle to accurately predict high-risk actions
such as “Weapon Out”. Beyond serving as a benchmark, EgoPolice pro-
vides a foundation for developing models capable of identifying events
of interest in large-scale body-worn camera video repositories, enabling
more efficient downstream human review.

Content Warning: This paper includes real police body-worn camera
footage, including potentially distressing scenes.

Keywords: Egocentric Dataset, Video Understanding, Police Body-Worn
Camera Analysis

1 Introduction

Recent advances in Vision-Language Models (VLMs) have generated significant
interest in their application to a wide range of tasks and environments, including
complex, high-stakes settings such as medical diagnosis, autonomous navigation,
and disaster response [16,41,68|. Despite their potential to support real-world
decision-making, failures of these models have exposed important ethical, legal,
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Fig.1: Sample frames of EgoPolice. We show representative frames for Fasy (Top,
Cyan) versus Hard (Bottom, Red) samples. Easy samples are correctly classified by
VideoMAE V2 and CLIP [52,66], while Hard samples are misclassified by both. Models
perform well on clear viewpoints but struggle under low-light, occlusion, and distance.

and safety concerns [5,25,45]. These are especially pronounced in the context of
law enforcement, where errors can carry civil, legal, and safety consequences. The
proliferation of Body-Worn Cameras (BWCs) has generated massive archives of
footage, driving demand for automated analysis. However, the data captured by
these cameras differs from standard training datasets as the videos are charac-
terized by rapid camera motion, severe occlusions, and actions that are usually
filtered out in academic datasets. While the failure to distinguish between an
innocent gesture and a real threat can carry serious social consequences, com-
mercial vendors [1, 6,21, 50,62] have entered the space with tools designed to
interpret these records, even though the research community lacks the instru-
ments to characterize their limitations and stress-test them against footage that
is often difficult to parse even for a trained human observer (Figure 1).

To address these challenges, we introduce a carefully curated dataset of real-
world, egocentric police—civilian interactions. Our work is motivated by the ur-
gent need to benchmark and improve model reliability in first-person environ-
ments. Specifically, our primary contributions are threefold:

— Bridging the domain gap for in-the-wild video datasets: Existing datasets
focus on benign, everyday activities, yet fail to capture more nuanced and
rapidly-evolving events. We construct EgoPolice to provide the first bench-
mark for evaluating video models in egocentric law enforcement scenes.

— Systematically benchmarking video understanding models in high-stakes en-
vironments: We conduct an evaluation of standard classification techniques
and state-of-the-art VLMs. Our analysis reveals that despite recent advance-
ments, models still struggle with the complexities of BWC footage.

— Demonstrating real-world transferability: In ongoing work, we deploy a model
trained on EgoPolice in a human-in-the-loop setting to analyze a large pri-
vate repository of uncurated body-worn camera videos, enabling systematic
review at a scale that would be otherwise infeasible manually. This provides
preliminary evidence that EgoPolice can serve as a foundation for scalable
police oversight tools capable of operating on real-world footage.
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2 Related Works

Police body-worn camera research. Police body-worn cameras (BWCs) are
recording devices mounted on an officer’s chest that capture continuous video
while the officer is on duty. They provide first-person documentation of police
activity and were introduced with the goal of supporting police accountability
and criminal investigations. Existing BWC-related research is mainly conducted
by social scientists and focuses on evaluating their effectiveness, for example by
measuring changes in civilian complaints, policing quality, and the civility of
police—civilian encounters [11,12, 34,42, 49]. Recent advancements in machine
learning have rendered the analysis of raw BWC footage computationally vi-
able, overcoming previous constraints imposed by the sheer volume of video
data. Nevertheless, current work remains focused on transcribing audible con-
versations and then using natural language processing techniques to study and
potentially improve law enforcement behavior [13,14,51,60,64]. Apart from [30],
which introduces a video annotation tool, and [3], which provides a face dataset
based on body-worn camera footage, the analysis of the video itself remains
largely unexplored, even though it offers rich context for understanding events.
Nonetheless, several companies claim to analyze such footage without supporting
research on their models’ performance [1,6,21,50,62]. To the best of our knowl-
edge, EgoPolice is the first police BWC dataset designed to evaluate the video
understanding capabilities of models, providing a first step toward enabling in-
dependent verification and rigorous auditing of Al tools deployed in this domain.

Egocentric data/methods. Egocentric videos [8, 18,23, 24, 43, 48] capture
videos from a first-person viewpoint, often by a head-mounted or a chest-mounted
camera. Datasets used in controlled research settings typically capture actions
in scripted or semi-scripted lab environments [8,48]. However, recent works have
extended this to unscripted, everyday activities [18,19,23], aligning much closer
with our contribution. Nonetheless, the majority of these datasets are collected
in settings where camera wearers and /or people included in the footage are aware
that they are being recorded for research [23,24,43]. In addition, most clips record
only a few individuals and primarily capture routine activities such as cooking,
playing sports, or visiting parks [9,18,23]. EgoPolice targets these existing gaps
by proposing a dataset that uses recordings of diverse and unscripted, but also
real and high-stakes encounters between law enforcement officers and civilians.

Video annotation. The development of scalable video annotation, which de-
mands both robust infrastructure and significant human labor, has been a re-
curring challenge in computer vision [29,40, 54, 65], particularly for unscripted,
real-world, in-the-wild videos that cover a huge variety of scenarios [18,26,61].
Previous work finds that minimizing cognitive load and decomposing annotation
into binary subtasks are central design principles for maximizing throughput in
such settings [58,65]. To address the cost of manual labeling, recent works utilize
vision models and LLMs [15,27,28] in model-in-the-loop frameworks, combining
automated predictions with human annotators to label new and more challenging
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data [31,46, 53, 56]. However, LLM-assisted annotation can distort label distri-
butions, introduce systematic errors, and propagate biases into ground truth
during annotation [4,57]. In high-stakes domains, annotator subjectivity adds
additional complexity as disagreement over temporal boundaries even for well-
defined classes is common [10, 20, 33,63]. This difficulty is further compounded
when footage requires multiple labels to be assigned to every frame [67]. We
address these challenges by employing a multi-stage pipeline with objective,
intent-free definitions, ensuring accurate annotations of the high-stakes dataset.

3 Data Collection Pipeline

3.1 Data Sources

EgoPolice consists of police BWC footage collected from multiple sources across
the United States. The dataset includes recordings released by police depart-
ments (PD), independent news networks, and a civilian oversight office. Our
main source is the Chicago PD, published by the City’s Civilian Office of Po-
lice Accountability (COPA). We collected all BWC videos released between July
10, 2016 and June 23, 2024. The footage includes incidents involving civilians
who were critically injured or died in police custody, as well as all instances in
which an officer discharged a firearm. The videos are grouped into 83 cases. A
case corresponds to an incident involving between one and 33 officers. Similarly,
we collected BWC footage from five other departments (Pasadena PD, Dallas
PD, Metropolitan PD of the District of Columbia, Los Angeles PD, and San
Antonio PD) and two news networks, which provide recordings from additional
departments. Only COPA’s footage is organized into cases.

Videos from COPA and Pasadena are subject to only minor edits, involv-
ing occasional audio omissions, particularly at the beginning of videos, and the
censoring of nudity. Videos from other departments are heavily edited (e.g. sub-
titles, press-conference-style statements, slowed-down segments, or zoom-ins).
We remove non-BWC segments during pre-processing, and refer the reader to
the Supplementary Material for sampled frames illustrating the difference.

EgoPolice does not reflect the breadth of police activity, most of which goes
unrecorded or unreleased, but rather overrepresents high-stakes police-civilian
interactions, as footage containing these incidents is more likely to be released.

3.2 Annotation

Compiling a list of police-civilian interactions. Our dataset captures a
broad spectrum of interactions between law enforcement officers and civilians,
ranging from routine conversations to high-stakes incidents such as shootings or
medical emergencies. Many event types are rare due to the vast space of possible
encounters. To address this challenge, we first compile a list of actions that are
critical for policing research, explicitly distinguishing between the officer wearing
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Table 1: Action labels and definitions in EgoPolice.

Role Action Definition

BWC Wearer Physical Interaction ¢ The Body-Camera Wearer is touching the civilian.

Medical Treatment e BWC Wearer is touching the civilian with hands.
e Both civilian and BWC Wearer’s actions are visible.
o BWC Wearer is directly involved in treatment.

Weapon Out e The clip displays a firearm held by the BWC Wearer.

Running

The camera is moving/shaking substantially.
e The officer is moving forwards or backwards quickly.

Other Officer Physical Interaction @ An officer (not the BWC wearer) is touching the civilian.

Medical Treatment e An officer (not the BWC wearer) is touching the civilian with hands.
Both civilian and police are visible.

The officer is directly involved in treatment.

Any Police Officer Handcuffing e Any officer is attempting to use or using handcuffs.
Handcuffs are clearly identifiable.

Civilian Visibly Injured e The civilian is visibly injured.

The clip shows bleeding or a wound.

On Ground e The civilian is sitting, kneeling, or lying on the ground.

Ground position is clear from the video.

the camera (BWC wearer), other officers visible in the recording who are not
the recording officer (Other Officer), and civilians involved (Civilian).

We then group these actions into classes that occur frequently enough to
support computer vision research while retaining social science significance. To
avoid subjective interpretation and reduce disagreement between annotators, we
defined each action using objective criteria, ensuring that no prior knowledge
of policing is required for annotation. Table 1 summarizes the action taxonomy.
For handcuffing, we combine officers into “Any Police Officer” since multiple of-
ficers are often in close proximity, which makes it difficult to reliably distinguish
individual hands. Figure 1 presents example frames for four different actions,
illustrating both easy and challenging instances for each class.

Labeling actions. We designed the annotation process as a two-stage pipeline.
In Stage 1, which serves as an initial filtering step, three independent annotators
reviewed the candidate videos and flagged any timestamps containing visible
interactions, including verbal exchanges between police officers and civilians. To
ensure comprehensive coverage, we aggregated these annotations by taking the
union of all identified time windows and adding a 10-second buffer before and
after the start and end of each interaction. In Stage 2, the resulting interaction-
rich clips were assigned to annotators for labeling across the compiled action
categories at a per-second granularity. Given the subjective and high-stakes na-
ture of the data, annotators were provided with objective action definitions that
explicitly avoid inferring intent or making normative judgments. For example,



6 Max Gonzalez Saez-Diez*, Jihoon Chung* et al.

Table 2: Data sources. Table 3: Annotated actions per data source.

Dept. Source # Vids Time (h:mm) Class (?,OPA Pa?adena Q’thers EgoPolice .
# sec. # sec. # sec.|| # sec. %

Chicago PD COPA 600 109:15 BWC-Physical Interaction 13,772 1,749 17,036|| 32,557 4.89%
Los Angeles PD Dept. 82 2:03 BWC-Medical Treatment 6,387 851 644 7,882 1.18%
D.C. PD Dept. 418 12:00 BWC-Weapon Out 23961 1,142 15,063 40,166 6032/3
Pasadena PD Dept. 76 10:44 BWC—Rum{mg i 2,893 434 3,297|| 6,624 0.99%
N Other-Physical Interaction 29,167 2,553 13,223|| 44,943 6.75%

San Antonio PD Dept. 135 3:03  Other-Medical Treatment 15,810 1,376 1,042|| 18,228 2.74%
Dallas PD Dept. 38 3:00  Any Officer-Handcuffing 1,138 152 2,310|| 3,600 0.54%
Misc. PDs News 1,335 44:29  Civilian-Injured 25,274 1,041 1,793|| 28,108 4.22%
Civilian-On Ground 43,083 2,865 18,025 63,973 9.61%

Total 2,684 184:57 Ay Class 75,542 6,122 49,075/130,739 19.63%

the action “BWC Wearer-Physical Interaction” is defined as cases in which the
officer wearing the camera is touching the civilian, rather than relying on sub-
jective interpretation. This approach ensures that action labels are based on
observable behavior, reducing ambiguity for both annotators and researchers.
As “BWC Wearer-Running” and “BWC Wearer-Weapon Out” can occur outside
Stage 1 segments, these actions are annotated over the entire dataset.

We obtain second-by-second annotations by determining whether the cor-
responding action class is visible at any given second. Videos from COPA and
Pasadena, which are of higher quality and serve as the primary data source for
training and evaluation, are annotated independently by at least two annotators
to ensure high-quality labels, while videos from the remaining departments are
used as auxiliary training data and annotated by a single reviewer. Table 2 sum-
marizes the data sources and Tab. 3 shows the prevalence of each annotated class
stratified by origin. In total, EgoPolice contains over 180 hours of BWC footage.
We refer the reader to the Supplementary Material for additional statistics.

3.3 Annotator Management

Our Institutional Review Board determined our project to be non-human-subjects
research. Given the nature of the dataset, we implemented additional safeguards,
incorporating strategies rarely used in prior data collection, to protect annota-
tors’ mental health and ensure data quality.

Hiring procedure. To ensure the best quality, we opted to directly hire annota-
tors from a local university, rather than using crowdsourcing platforms. We paid
the annotators $16/hour when the project began, which increased to $18 /hour
for the final tasks. We hired 33 annotators who spent approximately 5,400 hours
with the annotation cost totaling around $92,000. The job listing clearly stated
that “annotators that work on this project will be exposed to distressing or
graphic images and sounds [...] we ask potential applicants to consider their
mental and emotional ability to work with such footage before applying.” Next,
prior to hiring annotators, we interviewed each prospective annotator, again
emphasizing the potential challenges to mental health due to the nature of the
body camera footage. Once the annotators were hired, we asked them to sign an
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Fig. 2: Annotation Interface. (a) Excerpt from the document providing action defini-
tions with paired positive and negative examples. (b) Training module with practice
clips. (¢) Custom web-based annotation tool to support efficient labeling.

acknowledgment of risk form, which provided even more detail about the types
of situations that may be visible in the body camera footage.

Mitigating vicarious traumatization. Research has shown that repeated ex-
posure to violent footage can cause vicarious traumatization [59]. We aimed to
clarify this risk as early as possible, beginning with the job listing itself and re-
inforced again during the interview, so that annotators could make an informed
decision before ever committing to the role. Prior to beginning annotation work,
we provided mental health training, outlining vicarious traumatization and sec-
ondary traumatic stress and provided tools to cope with challenging video clips
including taking breaks, working during the day, and self-care practices.

Initial training. We provided structured onboarding and conducted practice
annotations with feedback to ensure consistency across labels. We compiled a
document (fig. 2a) that included definitions along with positive and negative
examples for every class. After reviewing the definitions, annotators completed
a tutorial (fig. 2b) consisting of 25 practice annotations. The tutorial served as
an assessment with detailed feedback explaining inclusion and exclusion criteria.

Annotation tool. We reviewed available off-the-shelf annotation tools, but ul-
timately decided to develop our own to ensure quality and speed of annotation.
Our tool allows both managers to assign video clips to annotators, and annota-
tors to have password-protected access to their unique assignments. Annotators
can easily click-and-drag across multiple one-second frames of a video, which
allows for a faster annotation process than existing tools that require multi-
ple clicks to annotate a single time window. Unlike existing video annotation
tools where annotators often have a single large video player in the center of the
screen, we found that showing a grid of 1-second clips that each loop led to much
faster annotation without increase in annotation errors. Additionally, we found
less discomfort from observing disturbing scenes when the video is presented as
a small grid versus being played in a full-sized video player. Although the tool
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supports multi-label annotation, we assigned the annotators one action item at
a time when labeling. Throughout our process, we found that annotators often
labeled incorrectly or omitted labels due to complexity and annotation fatigue
when given multiple actions to label simultaneously. Figure 2¢ shows a screen-
shot of our annotation tool which is developed with PHP and JavaScript, using
MySQL as the main database. The tool’s source code is available on the project
website, allowing anyone to download and host it on their own web server.

Feedback and monitoring. We implemented ongoing mental health check-ins
and close monitoring to support annotators’ long-term well-being. In parallel,
we continuously monitored annotation quality by reviewing annotations from
each annotator to ensure adherence to the action definitions. When we found
deviations, we provided targeted feedback, retraining, and retroactive correction
of affected annotations. Furthermore, we manually verified approximately 25%
of all annotations and viewed every video in the dataset. We find that our mean
inter-annotator agreement (Krippendorff’s av [37]) is 79.4%.

4 Data Challenges

The characteristics of BWC footage can make action recognition more chal-
lenging than in conventional video benchmarks. We highlight two properties of
EgoPolice that contribute to this difficulty: severe camera motion during anno-
tated actions and limited discriminative signal from global appearance.

Egocentric Camera Motion. Most egocentric datasets capture routine, low-
stakes activities [18,23]. These datasets are designed for machine learning re-
search, so actions are typically recorded clearly, with minimal camera movement
and the camera generally pointed at the target. In real-world settings, however,
actions can occur amid significant motion from either the subject or the camera,
and in high-stakes environments such as policing, events like foot pursuits or
physical altercations are inherently associated with extreme camera motion.

To quantitatively compare the amount of motion across datasets, we compute
optical flow magnitude using FastFlowNet-v2 [36]. Figure 3 (a,b) shows a density
plot of optical flow magnitudes for EgoPolice and other video datasets [18,23,
29,35]. When computed over the entire dataset (fig. 3a), EgoPolice exhibits only
slightly more motion than Ego4D [23], another standard in-the-wild egocentric
dataset. Differences emerge when motion statistics are computed specifically on
annotated action segments (fig. 3b). In existing datasets, optical flow magni-
tudes drop off quickly during action segments, reflecting that the camera is typ-
ically stationary while interacting with objects or completing tasks. In contrast,
EgoPolice shows a heavy-tailed distribution, with substantially more probabil-
ity mass at high flow values (> 20). This highlights a central challenge in our
domain: the moments that are most semantically important contain severe vi-
sual degradation, including blur, large displacements, and rapid viewpoint shifts.
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Fig. 3: Comparisons with existing datasets. (a-b) EgoPolice shows higher motion over-
all, which is more noticeable around segments where actions are labeled. (c-f) Distri-
bution of CLIP cosine similarity between frames from the same class and frames from
different classes. EgoPolice shows similar distributions for both, while other datasets
show higher similarity when frames are sampled from the same class.

Visual Cue Diversity. In many standard video benchmarks, action classes are
strongly tied to backgrounds or overall scenes (e.g., “playing soccer” and “playing
cards”). As a result, models can often rely on the global scene context to classify
an action. In contrast, the high-stakes scenarios in EgoPolice unfold in far more
visually uniform settings such as streets, hallways, and vehicle interiors.

We illustrate this challenge in fig. 3 (c-f) by plotting the cosine-similarity dis-
tributions of CLIP embeddings [52] for pairs of random frames sampled either
within the same action class or across different classes. In datasets like Kinet-
ics [35] and ActivityNet [29], these distributions differ substantially, reflected in
high Total Variation Distance (TVD) scores (0.573 and 0.452). This indicates
that frames from the same class tend to be noticeably more similar to each other
than to frames from other classes. This property allows models to rely on scene
context and exploit shortcuts to classify actions. In contrast, for EgoPolice, the
two distributions almost overlap perfectly, with a TVD of only 0.150. Moreover,
both distributions are shifted toward higher similarity values, around 0.6, which
is substantially higher than Kinetics and ActivityNet in particular. This combi-
nation of low inter-class separability and high overall visual similarity indicates
that global appearance cues can offer little discriminative signal for the model to
work with. As a result, models must rely on genuine contextual understanding
and fine-grained visual cues to correctly determine the visible action.

5 Experiments

To better understand how models transfer to the BWC domain, we evaluate
EgoPolice under two paradigms reflecting dominant approaches in video under-
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standing. These are supervised classification, which probes representation qual-
ity under task-specific training, and multiple-choice question answering (MCQ)
with video-language models, which assesses zero-shot reasoning. Together, these
experiments quantify how well existing models handle this challenging setting.

5.1 Linear probing for action classification

Model families and training protocols. Training strong video models from
scratch typically requires orders of magnitude more data than we can feasibly col-
lect for the BWC domain. Instead we evaluate how well representations transfer
to this setting. To this end, we use standard embedding models [44,47,52,55,66]
as frozen feature extractors, training lightweight classification heads on top of
the resulting representations. For models with a CLS token, we use the token as
the global frame-level representation. For models that do not use a CLS token,
we compute the 1-second-level representation by mean-pooling the frame-level
features, sampling frames at 16 fps. Training follows the linear-probing protocol
of DINOv2 [47]. We evaluate models under 1-second, 10-second and 1-minute
window settings, where a window is labeled positive if the action happens at
least once. For evaluation, predictions are made independently for each second
and aggregated over each window by taking the maximum score. We report both
class-level F1 and mean F1 score averaged across classes in Tab. 4.

Data splits and generalization. We evaluate classification performance using
6-fold cross-validation. As described in Sec. 3, videos from COPA and Pasadena
are minimally edited and thus best reflect real-world BWC footage. Videos from
the remaining departments are often heavily edited (e.g., with overlaid subtitles),
making them unsuitable as clean evaluation data. For this reason, we restrict
our cross-validation splits to COPA videos. All COPA cases recorded before 2024
are randomly split into six folds, ensuring each fold contains a similar number
of police cases. For each fold, one split is used as the test set (called the in-
distribution (ID) test set), while the remaining cases are split into training
and validation sets with a 4:1 ratio. Splitting is performed at the case level to
prevent leakage across splits (as cases are constituted by a varying number of
videos of the same event recorded by different officers). Videos from the remain-
ing departments are treated as auxiliary training data and are added to each
fold’s training set as augmentation, but are not included in validation or test
splits. In addition, we evaluate generalization under two out-of-distribution set-
tings. First, Out-of-distribution Time (OT) includes COPA videos recorded
in 2024, measuring temporal generalization since these videos are recorded in
the same location but later in time than the data in the training set. Second,
Out-of-distribution Location (OL) includes videos from the Pasadena Police
Department, measuring geographic and departmental transfer.
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Table 4: Linear probing classification results. = Table 5: Zero-shot VLM results.

1sec 10sec 1min Model param lsec 10sec 1min

Model ID OT OL ID OT OL ID OT OL Random Baseline - 20.0 20.0 20.0

Random Bascline  7.913.9 6.711.320.2 8.4 18.132.3 13.3 ngj’{_ﬁfi‘_‘ﬁﬂ?ﬁ‘f“ 186 187 108

Hiera [55] 34.240.926.144.848.9 334 48.856.435.6 o ot 2 - 658 697 661

DINOv?2 [47] 40.243.9 25.7 49.4 50.5 35.3 54.2 56.9 42.0  Spm g ‘[2] T rrr 169 744

X-CLIP [44] 36.239.9 30.849.3 48.3 45.8 5.4 547518 oo £ip g (oo . 760 7.5 76.9
CLIP [52] 39.2 42.1 28.5 48.5 49.8 40.6 53.5 54.9 46.1 —

VideoMAE V2 [66] 37.9 48.5 30.9 51.8 59.3 46.2 58.4 63.7 49.8  Open-source Models

LLaVA-Mini [70] 8B 15.1 15.7 15.5

Per-Class F1 Breakdown (ID, 1s) LLaMA-VID [38] 7B 381 37.7 30.2

BWC Oth. Off. Any ~ Civ. VideoLLaVA [39)] 7B 394 35.6 31.8

Model MT PI Run Wpn MT PI Cuf Inj Gnd gi?g%%l{/};!\/ideo 32] ;E 322 j;? jz;

Random Baseline 2.9 5.9 0.9 12.2 6.9 123 0.6 11.2 182  Qwen2.5-VL [7] 7B 525 55.8 55.5

CLIP [52] 40.0 63.4 2.9 30.7 36.4 52.6 4.1 56.3 66.0  VideoLLaMA3 [69] 7B 58.0 61.1 585

VideoMAE V2 [66] 31.2 63.7 15.0 40.0 25.1 49.7 15.8 39.7 61.2  InternVL3 [71] 8B  64.7 64.5 60.6

5.2 Zero-shot evaluation of Video-LLMs

In addition to trained classifiers, we evaluate video-language models on EgoPolice
in a zero-shot multiple-choice question answering setting. This probes semantic
understanding and temporal reasoning without task-specific fine-tuning. We con-
struct a benchmark of 12,000 questions, with 500 questions per action (including
None of the above) on 1-second and 10-second-long clips and 200 questions per
action on l-minute-long clips. Each question consists of one correct answer and
four incorrect choices. Wrong action choices are uniformly randomly selected
among actions that never happened in the clip, with the last option always be-
ing None of the above. For image-based VLMs [2,22], we sample frames at 1 fps
with a minimum of 8 frames and provide them as image inputs. For video-based
VLMs [7,17,32,38,39,69-71], we follow the author-recommended video sampling
strategies. All models are evaluated in a zero-shot setting using a fixed prompt
template shared across models. We only use videos from COPA and Pasadena.

5.3 Results

Quantitative analysis. Table 4 and Tab. 5 display the performance of the
trained classification models and the zero-shot VLM models, respectively.

In the classification setting, we find VideoMAE V2 [66] and X-CLIP [44],
both trained on video data, to be the best-performing models outperforming
CLIP [52] and DINOv2 [47] which are trained on images. These results suggest
that video pretraining is useful and allows for a more robust transfer to unseen
situations. Table 4 (bottom) shows that models perform well on classes such
as “Civilian-Injured” and “Civilian-On Ground”, due to strong visual cues such
as visible injuries. However, performance is substantially lower for “Any Officer-
Handcuffing”. This is partly due to the rarity of this class relative to others in the
dataset, and partly because the task requires detecting handcuffs that are often
small and partially occluded. Additionally, we observe that CLIP beats Video-
MAE V2 on some appearance-grounded classes while VideoMAE V2 leads on
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Fig. 4: Examples of common failure modes. EgoPolice combines in-the-wild egocentric
video challenges with law-enforcement activity recognition. These include low-light
occlusion, motion blur, rapid event occurrence, object misidentification, and action
misattribution, which frequently co-occur within the same clip. Together, they highlight
the gap between benchmark performance and the reliability required for real-world
deployment.

motion-dependent ones, suggesting that robust BWC action recognition requires
combining appearance and motion-based representations.

In the zero-shot task, we see LLaVA-Mini [70] and GPT-4.1-Nano [2] perform-
ing worse than random guessing due to outputting captions instead of answering
the corresponding letter of the correct choice or strong tendencies to choose None
of the above option. There is a tendency for some models to perform better on
10-second clips than on 1-second clips. We believe that 1-second clips may be
too short for VLMSs to correctly analyze the action happening in the video, while
10-second clips provide some temporal context that the model can use to infer
the correct label. Meanwhile, with 1-minute clips, the task turns into a needle-
in-the-haystack problem, leading to a reduction in accuracy. Among the models
we have tested, we find Gemini 2.5 Pro [22] to perform the best. However, given
its performance is only 76.9% on 1-minute video clips, we argue that this model
is not yet suitable for autonomous, real-world deployment.
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Qualitative analysis. We observe consistent failure modes across all classi-
fication models. Figure 4 groups representative examples by type, with each
sequence showing three uniformly sampled frames from a one-second clip. Per-
formance drops in low-light conditions, where flashlights create over- and un-
derexposed regions that obscure actions such as “Civilian-On-Ground” or “Any
Officer-Handcuffing” leading to false negatives (fig. 4a). Blur from motion or lens
obstructions also degrades performance, as in fig. 4b (bottom), where a water
droplet hides a gun. Short event durations cause additional errors (fig. 4c), since
actions (civilian on ground or weapon out) only appear within part of a one-
second window. We also observe false positives from misidentification (fig. 4d),
where objects like flashlights or red police tape are confused with firearms. In
addition, models rely on spurious correlations, such as using a red T-shirt as
a cue for injury (fig. 4e), and misattribute actions in complex scenes, such as
assigning a taser held by another officer to the BWC wearer (fig. 4f).

6 Real-World Police Department Application

EgoPolice was designed by both social and computer scientists with the goal of
supporting responsible analysis of real-world BWC footage. Many law enforce-
ment agencies maintain large repositories of videos which capture police-civilian
interactions of significant evidentiary value, yet the volume of this footage makes
consistent human review practically infeasible. EgoPolice provides a foundation
for developing models that can efficiently identify events of interest.

In ongoing work, we have found that models trained on EgoPolice can suc-
cessfully support large-scale analysis of body-worn camera videos in a human-in-
the-loop setting, making systematic review of large BWC repositories tractable.
In this setting, we focus on the action class “BWC Wearer-Physical Interaction.”
Rather than treating model predictions as final determinations, outputs are used
to surface candidate video segments that are subsequently reviewed and verified
by trained annotators. This workflow has proven effective at surfacing relevant
events for review and illustrates the potential of models trained on EgoPolice to
support scalable analysis of body-worn camera footage.

This deployment suggests two preliminary insights. First, models trained on
EgoPolice learn representations that transfer to real-world BWC data. Second,
the immediate value lies in assisting human reviewers by narrowing attention
to potentially critical moments. This way, EgoPolice facilitates scalable auditing
and retrospective analysis of large volumes of body-worn camera footage. A full
analysis of this deployment will be presented in a forthcoming companion paper.
We include this discussion to emphasize that EgoPolice is not only a challenging
benchmark, but also a concrete example of how to design pipelines that can be
deployed in real-world settings where human judgment remains central.
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7 Ethical Concerns

In this work, we study police body-worn camera (BWC) footage, a sensitive do-
main in which individuals may be recorded without consent. Although all videos
in EgoPolice are publicly available, privacy concerns remain. We restrict annota-
tions to coarse action-level labels and avoid personal attribute annotations. We
also recognize that BWC footage can be distressing for annotators and viewers.
For annotators, we mitigate this through assigning narrowly scoped tasks for
short clips (instead of full length videos), providing intensive training, and de-
veloping a custom tool designed for this type of video. For viewers, we provide a
trigger warning urging caution before downloading and examining the dataset.
We acknowledge that releasing BWC footage raises ethical questions, while
recognizing that withholding it is not a normatively neutral choice. BWC tech-
nology exists to promote accountability, and the public has a role in that process.
We believe it is appropriate to release such recordings when there is a clear public
interest (e.g. promoting accountability, enabling independent oversight, inform-
ing public understanding of policing and the lawful use of force, or supporting
research) and appropriate safeguards protect the dignity of those depicted.
Beyond privacy, automated analysis of police footage carries broader risks,
including reinforcing institutional biases and enabling unaccountable decision-
making. High performance on EgoPolice should not be interpreted as a basis for
deployment. Instead we aim to highlight the potential and limitations of current
systems. It is also important to note that the data may reflect demographic and
institutional biases tied to the jurisdictions from which it was collected.

8 Conclusion

In this work, we present EgoPolice, a dataset of egocentric police—civilian inter-
actions designed to challenge vision models with complex, real-world scenarios.
Our analysis shows that police-recorded footage is a particularly difficult do-
main. Hence, EgoPolice serves as a challenging benchmark for computer vision
researchers focused on advancing research on vision models. Simultaneously, we
believe that EgoPolice can provide a resource for developing video understanding
systems that are not only more capable, but also more responsible and account-
able. As automated video analysis becomes more prevalent in law enforcement,
the lack of transparent, rigorous benchmarks increases the risk of unexamined
bias and system failures. We hope EgoPolice encourages the community to con-
front the ethical, technical, and social challenges that arise as models are in-
creasingly deployed in sensitive, real-world environments.
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