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Abstract

Al-generated Pre-Annotations can accelerate
video labeling, but they may also anchor anno-
tators to model priors and suppress disagreement
that is valuable for pluralistic dataset construction.
We study this tradeoff in ambiguous temporal
video annotation, where annotators choose event
boundaries and assign context-dependent labels
such as “normal” or “abnormal.” We introduce a
controlled audit protocol that separates annotation
cost, consensus alignment, inter-annotator con-
sistency, temporal-boundary variation, semantic-
label variation, latent-space standardization, and
edit behavior.

In a counterbalanced pilot study with 18 annota-
tors and 180 annotation sessions, a fixed CLIP-
based Pre-Annotation engine reduced mean an-
notation time by 23.11%; 72% of annotators
were faster with assistance, with a median per-
annotator gain of 35%. Assistance increased
inter-annotator consistency and CLIP-space stan-
dardization while maintaining comparable align-
ment with a human consensus diagnostic (AMI ~
0.64 in both conditions). These findings suggest
that Pre-Annotations acted mainly as boundary-
standardization scaffolds in this setting, without
an observed large aggregate shift away from hu-
man consensus. We contribute an audit frame-
work and anonymized interaction traces for study-
ing when Al-assisted annotation preserves, re-
shapes, or collapses human disagreement.
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1. Introduction

Pluralistic alignment shifts the goal of Al development from
optimizing toward a single aggregated preference to rep-
resenting, preserving, and reasoning about the diversity of
human judgments. This shift is especially important in
data collection pipelines, where disagreement is often col-
lapsed through majority voting, adjudication, or averaging
(Uma et al., 2021; Davani et al., 2022). In subjective or
context-dependent tasks, disagreement can reflect different
interpretations, experiences, assumptions, or values rather
than simple annotation error (Fazelpour & Fleisher, 2025).
Recent work argues that alignment datasets and benchmarks
should preserve richer distributions of human judgments
rather than assuming a unique ground truth (Sorensen et al.,
2024; Gordon et al., 2022).

We study this issue in dense temporal video annotation. Un-
like static image labeling, video annotation requires annota-
tors to decide when events begin and end, how temporally
extended activities should be grouped, and how observed
behavior should be classified. Decisions are often ambigu-
ous: event boundaries can be gradual, multiple actors may
interact, and the meaning of an event depends on its context.
In anomaly-oriented video labeling, the distinction between
“normal” and “abnormal” behavior is especially sensitive to
interpretation, social context, and the operational definition
given to annotators (Sultani et al., 2018; Wu et al., 2024).

Al-assisted annotation alters this decision process. Model-
generated Pre-Annotations can reduce the mechanical bur-
den of drawing segments from scratch, shifting the annota-
tor’s role from creation to verification and refinement. Yet
this same assistance can also act as an anchor. If annotators
accept proposed boundaries or labels too readily, the result-
ing dataset may appear cleaner while losing disagreement
that would otherwise be informative for pluralistic modeling.
The key methodological challenge is therefore not simply to
measure whether assistance improves speed or agreement,
but to determine what kind of agreement it increases.

We therefore ask how Al-generated Pre-Annotations change
the distribution of human annotations in ambiguous tempo-
ral video labeling. Do they merely reduce mechanical effort
and temporal jitter, or do they anchor annotators toward
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model priors and suppress meaningful disagreement? We
answer this question with a controlled A/B study in which
18 annotators label high-ambiguity video clips with and
without Al-generated Pre-Annotations. The Pre-Annotation
engine is used as a fixed intervention that supplies tempo-
rally localized suggestions. We instrument the annotation
interface to collect final labels, timing information, model
suggestions, and interaction traces.

Our evaluation addresses three axes that are often conflated.
First, we measure annotation cost through time-on-task. Sec-
ond, we measure consensus alignment by comparing each
annotation to a human consensus diagnostic, while avoid-
ing the assumption that this reference is objective ground
truth. Third, we measure disagreement and standardiza-
tion through pairwise inter-annotator consistency and latent-
space structure. This separation allows us to distinguish
a reduction in arbitrary temporal boundary jitter from a
collapse of meaningful annotator variation.

Our contributions are:

¢ A disagreement-centered framing of Al-assisted an-
notation: we treat Pre-Annotations as behavioral in-
terventions on the distribution of human annotations,
rather than only as tools for improving throughput.

* A controlled audit protocol that separates annotation
cost, consensus alignment, inter-annotator consistency,
temporal-boundary variation, semantic-label variation,
latent-space standardization, and edit-trace behavior.

¢ A counterbalanced pilot study with 18 annotators
and 180 annotation sessions on ambiguous temporal
video labeling.

* Empirical evidence that assistance improves speed
and increases standardization: Pre-Annotations re-
duce mean annotation time by 23.11% and increase
pairwise consistency, while producing comparable
alignment with a human consensus diagnostic.

* A planned release of anonymized interaction traces
and analysis code to support follow-up work on plural-
istic data collection, anchoring effects, and human—AlI
annotation workflows.

2. Related Work

Pluralistic alignment and annotation disagreement.
Pluralistic alignment studies how Al systems can account
for heterogeneous human values, preferences, and judg-
ments rather than optimizing toward a single averaged target
(Sorensen et al., 2024). Annotation disagreement is central
to this problem. In many pipelines, multiple labels are re-
duced to a single value through majority vote. However,

prior work shows that disagreement can be systematic and
informative in subjective tasks (Davani et al., 2022; Uma
et al., 2021). Methods such as jury learning preserve dissent-
ing voices and enable downstream models to reason over
distributions of human judgment (Gordon et al., 2022). Our
work studies an upstream stage of this pipeline: how does
Al assistance during annotation reshape the disagreement
that pluralistic modeling aims to preserve?

Al-assisted annotation and human verification. Al-
assisted annotation is commonly motivated by efficiency. A
model proposes labels, regions, or temporal segments, and
humans correct them through a verification interface. Prior
work has explored verification-centric labeling, interaction-
efficient interfaces, and video-specific annotation tools (Pa-
padopoulos et al., 2016; 2017; Kuznetsova et al., 2021; Deng
et al., 2021; Feng et al., 2023; Shrestha et al., 2023). Pro-
duction tools such as CVAT and Label Studio have made
model-assisted labeling a practical workflow for dataset
construction (CVAT.ai Corporation, 2023; Tkachenko et al.,
2020). These systems are usually evaluated through through-
put or final-label quality. We evaluate an additional question:
how suggestions alter (improve or degrade) the structure of
annotator disagreement.

Ambiguous video labeling. Dense temporal video anno-
tation is a useful setting for studying disagreement because
annotators must make both temporal and semantic decisions.
Open-world anomaly datasets such as UCF-Crime contain
untrimmed surveillance-style footage with low resolution,
unconstrained viewpoints, gradual event transitions, and am-
biguous behavioral categories (Sultani et al., 2018). Recent
video anomaly detection work has adapted vision—language
models to these datasets (Wu et al., 2024), but the human
annotation process remains difficult to evaluate since no
single frame-perfect ground truth captures all reasonable in-
terpretations. We use this ambiguity as the target condition
for our audit.

Vision-language models as annotation scaffolds.
Vision—-language models such as CLIP provide transferable
visual and textual embeddings that can be adapted to
video tasks with modest computation (Radford et al.,
2021). Efficient CLIP-style video learners use frame-level
encoding, temporal pooling, and targeted fine-tuning to
produce video-text representations (Rasheed et al., 2023;
Wang et al., 2023). Our Pre-Annotation engine follows this
resource-conscious approach and combines a CLIP-style
encoder with hierarchical spherical k-means (Hornik et al.,
2012). The engine supplies a stable source of suggestions
for the human-subjects audit.
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3. Evaluation and Analysis

Figure 1 summarizes the audit pipeline. We collect an-
notations in Assisted and Unassisted conditions, preserve
disaggregated interaction traces, and evaluate the resulting
data along three axes: annotation cost, consensus alignment,
and disagreement/standardization.

3.1. Materials and Model Sanity Check

The video clips used in this study were sampled from a
held-out pool of open-world videos (UCF-Crime (Sultani
et al., 2018)) containing both normal and abnormal events.
The Pre-Annotation engine was trained and validated on the
video-language datasets described in Appendix A.

The selected fixed encoder achieved 89.68% Acc@1 and
99.64% Acc@5 in video-text matching. This result is used
as a sanity check to ensure that the Pre-Annotation source
produces semantically plausible video-text representations.
It does not, by itself, validate the temporal quality of the
proposed segments.

Pre-Annotation intervention. The Assisted condition dis-
played model-generated temporal segments with proposed
semantic labels and binary normal/abnormal flags. Anno-
tators could accept, edit, relabel, split, merge, or remove
these suggestions before submission. The same fixed Pre-
Annotation engine was used for all Assisted sessions. The
engine was not updated during the study and did not adapt to
annotator behavior. This makes the model output a stable ex-
perimental intervention rather than an adaptive collaborator.
Screenshots and implementation details of the annotation
interface are provided in Appendix B.

3.2. Disaggregated Annotations and Interaction Traces

We collected anonymized annotator-level traces for all 180
annotation sessions. The traces include final temporal seg-
ments, class labels, binary normal/abnormal flags, model
Pre-Annotations, session-level timing, and edit histories.
We preserve these disaggregated records because pluralistic
analysis requires more than an aggregated final label. It
requires visibility into where annotators converged, when
they disagreed, and how model suggestions changed the
annotation process.

Study design. The study used a within-subject, coun-
terbalanced design. Each of the 18 annotators labeled
ten videos: five in the Assisted condition, where model-
generated Pre-Annotations were visible, and five in the
Unassisted condition, where annotators labeled raw footage
from scratch. Annotators did not label the same video twice.
Across the study, this produced 180 annotation sessions over
30 videos, with six independent annotations per video. Con-

Table 1. Summary of the disaggregated annotation traces collected
during the controlled study.

Metric Value
Annotation and Segments

Total Annotators 18
Total Annotation Sessions 180
Total Labeled Segments 699
Semantics

Mean Classes per Video 3.01£0.95
Segments with Binary Event Flag 670
Abnormal Event Segments 323
Normal Event Segments 347

dition order and video assignment were counterbalanced to
reduce order and learning effects. Each annotation session
is therefore nested within both an annotator and a video, and
we treat annotator identity and video identity as repeated-
measures factors in the analysis. Additional documenta-
tion of the annotation task, annotator recruitment, platform
choices, and participant-protection considerations is pro-
vided in Appendix C.

Table 1 summarizes the collected traces. The released arti-
fact is intended to support follow-up analyses of efficiency,
revision behavior, anchoring, and disagreement preservation
in Al-assisted annotation workflows.

3.3. Metrics

Our evaluation separates the annotation cost, aggregate con-
sensus alignment, inter-annotator consistency, and the struc-
ture of disagreement. This separation is important because
higher agreement can reflect either a desirable reduction
of arbitrary boundary jitter or an undesirable collapse of
meaningful annotator variation.

Annotation cost. We measure time-on-task in seconds
from initial video load to final submission. We report
session-level means and standard deviations, per-annotator
percentage changes between conditions, and a mixed-effects
estimate of the Assisted-condition effect on log time. Since
annotation sessions are repeated within annotators and
videos, we treat the timing results as repeated-measures
data rather than as independent observations.

Consensus alignment. For each video, we construct a
human Consensus Reference from multiple independent
annotations. We compare individual annotations to this ref-
erence using Adjusted Mutual Information (AMI), Normal-
ized Mutual Information (NMI), and V-measure (Rosenberg
& Hirschberg, 2007; Vinh et al., 2010). These metrics com-
pare induced temporal label partitions while accounting for
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Figure 1. Pluralistic annotation audit framework. We evaluate whether Pre-Annotations reduce effort while preserving, reshaping, or

collapsing human disagreement.

chance structure in cluster assignments. We use the Consen-
sus Reference as an aggregate diagnostic, not as objective
ground truth.

Temporal partition construction. To compute AMI,
NMI, and V-measure, we convert each temporal annota-
tion into a discrete label sequence over fixed temporal
bins. Each bin receives the semantic class label, binary nor-
mal/abnormal flag, or background label corresponding to
the segment that covers that bin. These bin-level sequences
induce temporal label partitions that can be compared across
annotators and against the Consensus Reference. Unless
otherwise stated, agreement metrics are computed per video
and summarized across videos.

Avoiding consensus circularity. Consensus-alignment
metrics are computed against a six-annotator human Con-
sensus Reference for each video. For every video v, the
reference is constructed from all six independent annota-
tions assigned to that video, aggregating their temporal label
partitions into a single human consensus diagnostic. When
evaluating an individual annotation, we compare it to this
six-annotator reference rather than to an external gold stan-
dard. We use it as an aggregate human diagnostic for mea-
suring alignment with the observed annotation distribution.

Inter-annotator consistency. We measure pairwise agree-
ment among annotators within each condition. Higher pair-
wise consistency can indicate useful coordination around
event boundaries, but it can also indicate disagreement
collapse. We therefore interpret pairwise consistency
jointly with consensus alignment, boundary-level variation,
semantic-label variation, and interaction traces.

Boundary-level disagreement. To distinguish boundary
standardization from semantic convergence, we separately
measure temporal boundary variation. Because annotators
may produce different numbers of segments, we first match
segments within each video using maximum temporal over-
lap subject to label compatibility. For each matched event,
we compute the dispersion of start and end times across

annotators:

Ostart (U, €) = Sthev{sam,e}?:l ,

Oend(v,€) = Sthev{tam,e}(‘?:l,

where s, , . and ¢, , . are the start and end times assigned
by annotator a to event e in video v. Lower boundary disper-
sion in the Assisted condition indicates temporal standard-
ization, but not necessarily semantic agreement. Unmatched
segments are reflected separately through segment-count
variation.

Semantic-label disagreement. We measure variation in
event labels and binary normal/abnormal flags separately
from boundary placement. For each video and condition,
we compute the entropy of the empirical label distribution:

Hv = - Z Do (C) IOg Pv (C),

ceC

where p,(c) is the proportion of temporal bins in video v
assigned to label c across annotators in that condition. This
diagnostic helps distinguish reduced boundary jitter from
reduced diversity of semantic interpretation.

Latent-space standardization. We compute the Silhou-
ette Score of human-labeled segments using CLIP image
embeddings and cosine distance (Radford et al., 2021; Sha-
hapure & Nicholas, 2020). Because the same encoder fam-
ily contributes to the Pre-Annotation engine, this metric
measures coherence under the model’s representational ge-
ometry. We therefore treat it as a standardization diagnostic
rather than as an independent measure of semantic correct-
ness.

Anchoring diagnostics. For Assisted sessions, we ad-
ditionally compute interaction-level diagnostics from edit
traces: the fraction of Pre-Annotation segments accepted
unchanged, boundary edited, split, merged, deleted, or re-
labeled; the mean boundary displacement from the model
suggestion to the final human segment; and the label-flip
rate between the model suggestion and the final annota-
tion. These metrics directly test whether annotators used
Pre-Annotations as editable scaffolds or accepted them with
minimal revision.
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Figure 2. Distribution of annotation times with and without Pre-
Annotations. Bin width is 20 seconds.

Statistical analysis. The session results are not indepen-
dent. We analyze the effects of conditions using repeated-
measures estimates. For timing, we fit a mixed-effects
model of the form

log(time, ) = Bo + 1 Assistedq,
+ 2 Order,, ,, + 3 Duration,
+ Ug + Wy + €q,0-

where u, is a random intercept for annotator and w,, is a ran-
dom intercept for video. We report the Assisted-condition
coefficient as the primary repeated-measures estimate of
annotation-time reduction. For agreement, disagreement,
and standardization metrics, we report video-level sum-
maries. Session-level ¢-tests and Wilcoxon tests are included
only as descriptive checks, not as the primary inferential
evidence, because they do not fully account for repeated
measurements within annotators and videos.

3.4. Annotation Cost

The first audit axis is annotation cost. We tracked the dura-
tion of the task, from initial video load to final submission,
across all 180 sessions. Figure 2 shows the time-on-task dis-
tributions for the Assisted (with-) and Unassisted (without-
Pre-Annotations) conditions. Table 2 reports the results on
both parametric and non-parametric session-level statisti-
cal tests, which indicate a reliable timing difference in the
collected sessions.

As shown in Table 2, the Assisted condition reduced the
mean annotation time from 190.44 seconds to 146.42 sec-
onds, corresponding to a 23.11% reduction in mean time-
on-task. Normalizing within annotator, 72% of partici-
pants were faster with Pre-Annotations, with a median per-
annotator gain of 35%. A mixed-effects model with anno-
tator and video random intercepts produced an Assisted-
condition coefficient of approximately 51 = —0.263 on

Table 2. Annotation-time results. Time is measured in seconds
from initial video load to final submission. Uncertainty is reported
as approximate 95% confidence intervals. The mixed-effects es-
timate is reported on log time and transformed into an implied

percentage reduction.

Condition Mean Std. 95% CI
Assisted 146.42 7928 +16.60
Unassisted 190.44 72.63 +£15.22
Effect estimates

Mean reduction 23.11%

Mean difference —44.02 +22.44 s
Annotators faster with assistance 72%

Median per-annotator gain 35%

Repeated-measures estimate
Mixed-effects coefficient, /31
Implied time reduction
Wald test

—0.263 [-0.397, —0.129]
23.1% [12.1%, 32.8%)
z = —3.86, p < 0.001

Session-level descriptive tests
t-test
Wilcoxon

t = —3.64, p = 0.0004
W = 853.0, p = 0.0002

log time, corresponding to an estimated 23.1% reduction in
annotation time. The session-level ¢-test and Wilcoxon test
are reported only as descriptive checks because they do not
fully account for repeated measurements within annotators
and videos.

The per-annotator comparison in Figure 3 shows that the
efficiency benefit is not driven solely by a small number
of sessions. On these axes, the x-coordinate is Assisted
time and the y-coordinate is Unassisted time; therefore,
points above the diagonal indicate faster completion with
Pre-Annotations. For each annotator, we removed the first
four videos they annotated in chronological order and re-
computed the per-annotator normalized timing comparison.
The normalized comparison after the initial familiarization
videos shows a similar pattern, suggesting that annotators
became more efficient at reviewing and editing suggestions
once they were familiar with the interface.

Annotator feedback suggests that Pre-Annotations mainly
reduced the time spent deciding on an initial segmenta-
tion structure. In some cases, annotators reported that the
suggested segments were sufficiently close to require only
review and minor correction. In other cases, the sugges-
tions required substantial editing. This variation matters for
pluralistic annotation: the aim is not to make humans ac-
cept outputs quickly, but to reduce mechanical effort while
preserving the opportunity for correction and disagreement.
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Figure 3. Per-annotator efficiency effects before and after removing
early familiarization trials. Each red arrow represents the change
for an annotator after excluding the first four training videos. Times
are normalized by video duration. Points in the assisted-faster
region indicate annotators who completed annotations faster with
Pre-Annotations.

3.5. Consensus Alignment and Inter-Annotator
Consistency

The second audit axis asks whether Al assistance changes
semantic judgment. In pluralistic annotation, higher agree-
ment is ambiguous: it can indicate useful reduction of
boundary jitter, but it can also indicate homogenization
around model priors. We therefore separate two measure-
ments: alignment with the six-vote human Consensus Ref-
erence and pairwise consistency among annotators within
each condition.

Table 3 shows that Assisted and Unassisted annotations have
nearly identical alignment with the Consensus Reference.
The Assisted condition obtains AMI 0.64, while the Unas-
sisted condition obtains AMI 0.63. NMI and V-measure are
also comparable across conditions. We therefore do not in-
terpret assistance as improving semantic correctness relative
to the consensus diagnostic. Rather, assistance increased

Table 3. Consensus alignment and disagreement diagnostics. Posi-
tive deltas indicate larger assisted-condition values.

Diagnostic Assisted Unassisted A

Consensus AMI 0.64 0.63 +0.01
Consensus NMI 0.64 0.64 0.00
Consensus V-measure 0.64 0.64 0.00
Pairwise AMI 0.67 0.62 +0.05
Pairwise NMI 0.67 0.62 +0.05
Pairwise V-measure 0.67 0.62 +0.05

standardization without producing a detectable aggregate
shift away from the human reference used in this study.

Pairwise inter-annotator consistency is higher in the As-
sisted condition. Assisted annotators reached AMI 0.67,
compared to AMI 0.62 for the Unassisted condition. This
indicates standardization: annotators who see the same sug-
gestions converge more strongly with each other. However,
higher consistency is not, by itself, evidence that a mean-
ingful disagreement has been preserved. It may reflect a
useful reduction of arbitrary temporal jitter, but it may also
reflect anchoring toward model-proposed boundaries or la-
bels. We therefore treat the increase in pairwise agreement
as a signal requiring decomposition into boundary-level
and semantic-label components, rather than as a standalone
success criterion.

3.6. Boundary and Semantic Disagreement
Decomposition

To better interpret the increase in pairwise consistency, we
decompose disagreement into temporal boundary variation
and semantic-label variation. Boundary variation captures
differences in the placement of annotators’ event start and
end times. Semantic-label variation captures differences in
the class labels and normal/abnormal flags assigned to the
segments.

This decomposition is important because the pluralistic im-
pact of a disagreement depends on its source. Reduced
boundary jitter may be desirable when annotators identify
the same event but differ by a few frames or seconds. Re-
duced semantic-label entropy, by contrast, may indicate that
model suggestions suppress alternative interpretations of
ambiguous events.

Table 4 reports three additional diagnostics: boundary dis-
persion, segment-count variation, and label entropy. Bound-
ary dispersion measures the standard deviation of matched
start and end times across annotators. Segment-count varia-
tion measures whether assistance causes annotators to pro-
duce a more uniform number of segments. Label entropy
measures whether assistance reduces diversity in semantic
labels or binary event flags.
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Table 4. Disagreement decomposition. Boundary-level metrics
distinguish temporal standardization from semantic-label conver-
gence. Values are computed per video and summarized across
videos.

Diagnostic Assisted Unassisted Difference
Start-boundary dispersion 0.80 1.10 -0.30
End-boundary dispersion 1.21 2.10 -0.89
Segment-count variance 1.26 0.72 +0.54
Class-label entropy 1.17 1.18 -0.01
Normal/abnormal entropy 0.60 0.64 -0.04

Interestingly, assistance reduced boundary dispersion for
matched events but increased segment-count variance. This
suggests that Pre-Annotations may standardize local bound-
ary placement without fully standardizing higher-level seg-
mentation granularity. Annotators may agree more closely
on the timing of events they identify, while still differing in
whether they split or merge adjacent activities. This rein-
forces the need to analyze boundary placement, event count,
and semantic labels separately.

If the Assisted condition primarily reduces boundary disper-
sion while preserving comparable semantic-label entropy,
this would support the interpretation that Pre-Annotations
act as temporal scaffolds. If the Assisted condition also sub-
stantially reduces semantic-label entropy, this would provide
stronger evidence of disagreement collapse or anchoring.

3.7. Anchoring and Edit-Trace Diagnostics

The central risk of Pre-Annotations is that they may an-
chor annotators to model priors. Consensus alignment and
pairwise agreement provide indirect evidence of this risk,
whereas interaction traces enable a more direct measure-
ment. In the Assisted condition, we therefore analyze how
annotators modified model-generated suggestions before
submission.

We define a Pre-Annotation segment as accepted unchanged
if its temporal boundaries and label are submitted without
modification. A segment is boundary edited if its start or
end time changes, relabeled if its semantic class or binary
event flag changes, split or merged if its temporal struc-
ture is changed, and deleted if it is removed from the final
annotation.

These edit categories are not mutually exclusive: a segment
may be both boundary-edited and relabeled, for example.
We therefore interpret the edit-trace diagnostics as evidence
about revision behavior rather than as a partition of all pos-
sible edit operations.

Table 5 shows that only 24.20% of Pre-Annotation seg-
ments were accepted unchanged, while 64.69% were bound-
ary edited, 50.12% were relabeled, and 56.79% were split
or merged. The zero deletion rate indicates that annota-

Table 5. Anchoring diagnostics from Assisted-session edit traces.
These metrics distinguish passive acceptance of model suggestions

from active human revision.

Edit-trace diagnostic Value

Pre-Annotation segments accepted unchanged 24.20%

Boundary edited 64.69%
Relabeled 50.12%
Split or merged 56.79%
Deleted 0.00%
Mean start-boundary displacement 1.36s
Mean end-boundary displacement 1.09 s
Normal/abnormal label-flip rate 31.68%

tors rarely removed model suggestions outright; instead,
they primarily revised suggestions through boundary ed-
its, relabeling, splitting, or merging. These diagnostics are
necessary because higher agreement can arise through dif-
ferent mechanisms. If most Pre-Annotations are accepted
unchanged, then the Assisted condition may reflect anchor-
ing to model priors. If annotators frequently edit boundaries,
relabel segments, split or merge suggestions, and delete
incorrect proposals, then Pre-Annotations are better under-
stood as editable scaffolds that reduce mechanical effort
while preserving human oversight. Active editing does not
rule out anchoring, since annotators may still make edits
around model-proposed structures rather than constructing
independent alternatives from scratch. However, the ob-
served boundary edits, relabeling, and restructuring indicate
that Assisted annotations were not produced by passive ac-
ceptance alone.

3.8. Latent-Space Standardization

The third audit axis measures whether annotations be-
come more structurally coherent in the visual embedding
space. We compute the Silhouette Score of human-labeled
segments using CLIP image embeddings and cosine dis-
tance. Because the same encoder family is used in the Pre-
Annotation engine, this metric is aligned with the model’s
representational geometry. We therefore interpret it as a
standardization diagnostic: it measures whether assisted
annotators produce boundaries that are more coherent under
the embedding space used to generate suggestions.

Figure 4 shows that the Assisted condition yields higher
Silhouette Scores in 25 of 30 videos. The mean score in-
creases from 0.28 in the Unassisted condition to 0.41 in
the Assisted condition, corresponding to an approximately
46.4% relative increase when computed from the rounded
means. This pattern indicates that Assisted annotations are
more coherent under the representational geometry used by
the Pre-Annotation engine.

However, this result should be interpreted conservatively.
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Figure 4. Latent-space standardization. Points below the diagonal
indicate videos where Assisted annotations have higher Silhouette
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It is a diagnostic of model-space standardization. Higher
latent-space coherence is desirable when it reflects reduced
arbitrary boundary jitter, but problematic when it reflects
convergence toward model priors. For this reason, we inter-
pret the Silhouette result jointly with consensus alignment,
boundary-level disagreement, semantic-label entropy, and
edit-trace diagnostics rather than as standalone evidence of
improved annotation quality.

4. Discussion

The results reveal a distinction that is central to pluralis-
tic data collection. Pre-Annotations increased efficiency,
pairwise inter-annotator consistency, and CLIP-space stan-
dardization, while maintaining comparable alignment with
an aggregate human Consensus Reference. This pattern
suggests that, in this pilot setting, assistance standardized
the annotation process without producing an observed large
aggregate shift away from the human consensus diagnostic.
However, higher consistency is not automatically desirable:
it may indicate useful reduction of arbitrary temporal bound-
ary jitter, or it may indicate harmful collapse of meaningful
disagreement. We therefore interpret the study as an audit
of how Al assistance changes the structure of annotation,
not as definitive evidence that all meaningful disagreement
is preserved.

The strongest empirical summary is therefore not that Pre-
Annotations preserve disagreement, but that they make an-
notation faster and more standardized without producing a
large observed change in aggregate consensus alignment.
The remaining question is what kind of standardization as-
sistance induces. In our results, the largest changes appear
in time-on-task, pairwise agreement, boundary dispersion,
and CLIP-space Silhouette Score. In contrast, consensus
alignment and semantic-label entropy change little. This
pattern is more consistent with temporal scaffolding than

with wholesale semantic collapse, although the evidence is
not sufficient to conclude that all meaningful disagreement
was preserved.

A key ambiguity is that increased agreement can be inter-
preted either as boundary regularization or as anchoring.
Our protocol addresses this ambiguity by separating an-
notation time, consensus alignment, pairwise consistency,
latent-space standardization, boundary variation, semantic-
label entropy, and edit behavior. The central empirical sig-
nal is therefore not a single metric, but a pattern across
diagnostics. In the present pilot, the strongest evidence sup-
ports efficiency gains and standardization. Stronger claims
about disagreement preservation require direct evidence
that semantic-label diversity, minority interpretations, and
reasonable alternative segmentations remain available after
assistance.

This pattern supports a practical design principle: Al assis-
tance should be evaluated as an intervention on the distri-
bution of human labels, not only as a way to reduce cost.
A workflow can appear successful under standard metrics
because it is faster and cleaner, while still being problem-
atic if it collapses disagreement that should remain visible.
Conversely, some forms of standardization may be desir-
able when they reduce arbitrary boundary jitter and leave
annotators free to correct semantic labels.

The interaction traces are central to this distinction. Final
aggregate labels do not reveal whether annotators accepted
model suggestions, edited them, rejected them, or converged
independently. By preserving disaggregated traces, the audit
makes it possible to analyze both the final label distribution
and the process by which it was produced.

5. Limitations

This study has several limitations. First, annotators were
university-affiliated volunteers, so the results provide con-
trolled pilot evidence about one workflow rather than
population-level evidence about broader pluralistic values.
Second, we evaluate one fixed Pre-Annotation engine and
one interface; results may differ with other models, sug-
gestion qualities, interface designs, video domains, or an-
notator populations. Third, the Consensus Reference is
an aggregate diagnostic rather than objective ground truth:
comparable alignment does not establish that anchoring
is absent. Finally, the task involves sensitive open-world
video content. Larger studies should use paid participation,
stratified recruitment, content warnings, opt-out and skip
mechanisms, debriefing resources, and stakeholder-specific
analysis. These results should not be used to justify deploy-
ment of surveillance or anomaly-detection systems without
broader ethical review and stakeholder engagement.
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6. Conclusion

We studied Al-assisted temporal video annotation as a plu-
ralistic data-collection problem: model suggestions should
be evaluated not only by whether they speed up labeling, but
by whether they preserve, reshape, or collapse disagreement
in ambiguous tasks.

In a controlled pilot with 18 annotators and 180 sessions,
Pre-Annotations reduced annotation time for most partici-
pants, increased inter-annotator consistency, and maintained
comparable alignment with a human consensus diagnostic.
These results suggest that assistance acted mainly as an ed-
itable temporal scaffold in this setting. However, they do
not prove that all meaningful disagreement was preserved;
rather, assistance improved efficiency and standardization
without an observed large aggregate shift away from human
consensus.

Our broader contribution is an audit methodology: pre-
serve disaggregated traces, separate efficiency from dis-
agreement collapse, avoid treating consensus as ground
truth, decompose boundary and semantic disagreement, and
analyze whether model suggestions are accepted or actively
revised. Al-assisted annotation should be evaluated not only
by whether it makes labels faster or cleaner, but by how it
changes the distribution of human judgments from which
datasets are built.

Impact Statement

This work studies Al-assisted data collection for high-
ambiguity video annotation. Such workflows can reduce
annotation effort, but they can also reshape the distribution
of human judgments by anchoring annotators to model-
generated suggestions. In pluralistic settings, this creates a
risk that datasets become more standardized while losing
disagreement that reflects meaningful differences in inter-
pretation, context, or values.

We argue that Al-assisted annotation systems should pre-
serve disaggregated annotator traces, document participant
recruitment and task conditions, and report disagreement-
related metrics rather than only aggregate labels or time
savings. These practices can help researchers identify when
Al assistance supports human judgment and when it sup-
presses it.

The video domains considered here may include sensitive,
violent, or distressing content. Researchers and practitioners
using similar workflows should provide content warnings,
opt-out mechanisms, appropriate support, and fair compen-
sation. The workflow should not be used to justify deploy-
ment of surveillance or anomaly-detection systems without
broader stakeholder engagement and domain-specific ethi-
cal review.
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Figure 5. Cross-modal encoder used by the Pre-Annotation engine. Video frames are encoded, pooled into a video-level embedding, and
aligned with text embeddings through contrastive training.

A. Fixed Pre-Annotation Engine and Model Validation

This appendix describes the Pre-Annotation engine used in the Assisted condition. The engine provides a fixed source of
model-generated temporal suggestions for the annotation audit.

A.1. Video-Text Encoding

We employ a cross-modal retrieval architecture adapted for video downstream tasks (Radford et al., 2021). Given a set of
video-text pairs (V, P), each video clip V; € RT*H>XWXC s treated as a sequence of 7" frames. Each frame is encoded to
produce frame-level features z; € RT*P. A video-level embedding v; € R” is obtained by average pooling over the 7'
frames (Rasheed et al., 2023).

The corresponding text description p; is processed by the text encoder to produce an embedding ¢; € R” in the shared
feature space. The alignment between modalities is driven by cosine similarity sim(v;, ¢;). We fine-tune the encoders using
a contrastive objective. For a mini-batch of size B, the video-to-text loss is:

exp(sim(v;, t;)/7)
Loo =—— Y log : ey
2 ; Zle exp(sim(v;, t;)/7)

The total loss averages the video-to-text and text-to-video directions:

1
»Ctotal = 5 (ﬁv% + ['tQU) . (2)

Figure 5 illustrates the fixed cross-modal architecture used to produce the representations for Pre-Annotation. The diagram
clarifies that temporal information enters through frame-level encoding followed by pooling, while supervision is provided
through video-text contrastive alignment. This supports the interpretation of the engine as a semantic proposal generator
rather than a frame-perfect temporal annotator.
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Figure 6. Hierarchical clustering of video content. Frames are recursively clustered into a tree structure using spherical k-means. Leaf
nodes are converted into Pre-Annotation segments.

A.2. Hierarchical Content Modeling

To generate temporal suggestions, we model the video feature space as a hierarchical tree. This structure supports multiple
levels of granularity, from broad scene changes to specific actions. We construct the tree by recursively clustering feature
arrays using spherical k-means (Hornik et al., 2012). This variant maximizes cosine similarity between data points and
centroids, matching the hyperspherical structure of normalized CLIP embeddings (Liang et al., 2022). The objective is:

k
max 303y H X 3)

riiy = = gl Il

subject to ;5 € {0,1} and Z?Zl r;; = 1 for all <. Here, B is the centroid of cluster j, x; is the i-th data point, and r;; = 1
indicates assignment of x; to cluster j.

The process begins with high-level clusters and recursively refines them into fine-grained nodes. We use a maximum tree
depth T1,.x = 3 and a semantic cohesion threshold 7 = .85, halting subdivision when within-cluster cosine similarity
exceeds the threshold. Leaf nodes become Pre-Annotation segments.

A.3. Training Datasets and Setup

We trained the encoder using a composite of four datasets to expose the model to diverse visual environments, action
durations, and language descriptions. UCF-Crime provides 1,900 untrimmed real-world surveillance videos totaling 128
hours (Sultani et al., 2018). UCA augments UCF-Crime with 23,542 linguistic annotations across 110.7 hours of footage
(Wu et al., 2024). XD-Violence contributes 4,754 untrimmed videos totaling 217 hours (Wu et al., 2020). ActivityNet
Captions adds 849 hours of footage across 20,000 videos (Krishna et al., 2017).

The cross-modal encoder was fine-tuned on an NVIDIA A100 GPU with 40 GB VRAM. We used AdamW (Loshchilov
& Hutter, 2017a) with a decoupled weight decay of 1 x 10~3. The initial learning rate was 8 x 10~%. We used cosine
learning-rate decay (Loshchilov & Hutter, 2017b):

1 t—t .
Ir(t) = = Irp, <1+cos(warmup7r>> , )
( ) 2 e rftotal - twarm—up
where T, is the total number of training steps and fyarm-up i the number of warm-up steps.

A.4. Evaluation Protocol and Results

We evaluated the encoder using video-text matching. For each text query, the model ranked the matching video clip against
a candidate pool of approximately 12—13 clips, consisting of the positive clip and randomly sampled negative clips. This
candidate-pool size is consistent with the random baseline in Table 6. The model predicts the most probable video-text pair
by comparing embeddings with cosine similarity and normalizing scores with a softmax. During evaluation, we introduced
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randomness by sampling negative clips both from within the same source video and from different videos, making the
retrieval task include visually similar distractors as well as cross-video distractors. To reduce leakage, all clips derived from
the same source video were assigned to the same train, validation, or test split.

We report Accuracy at Rank K (Acc@K). Acc@K is the percentage of test samples for which the correct result appears
within the top-K retrieved clips. Table 6 reports Acc@1 and Acc@S5 for several configurations.

Table 6. Performance comparison of CLIP fine-tuning configurations.

BACKBONE BATCH SIZE SAMPLED FRAMES Acc@1 (%) Acc@5 (%)

RANDOM - - 8.17 39.89
10 16 89.68 99.64

VIT-B/16 30 30 73.59 95.30
5 30 73.71 95.20

30 5 73.71 95.20

VIT-B/32 20 32 81.76 97.75
100 40 59.59 86.24

The selected ViT-B/16 configuration with batch size 10 and 16 sampled frames achieved the highest Acc@1 score, 89.68%,
and Acc@5 score, 99.64%. This configuration was used to generate the Pre-Annotations in the Assisted condition.

A.5. Attention Visualization

We visualized self-attention maps from the Vision Transformer to inspect whether fine-tuning shifted attention toward
relevant regions in representative frames (Vaswani et al., 2017; Radford et al., 2021). We extracted multi-head attention
weights, computed cumulative joint attention across layers, and isolated attention associated with the CLS token. Attention
maps were averaged across heads and upscaled to the input frame resolution (Li et al., 2023; Ma et al., 2022).

Figure 7 provides a qualitative sanity check on the fine-tuned encoder. The trained attention maps appear to concentrate more
on task-relevant actors, objects, or interaction regions than the baseline maps in these examples. We use this visualization
only as qualitative support; the quantitative validation of the encoder is provided by the retrieval results in Table 6.

B. Annotation Interface

Figure 8 also clarifies the behavioral intervention studied in the main paper. In the Unassisted condition, annotators
construct the temporal segmentation from scratch using the same workspace. In the Assisted condition, the temporal bar
is pre-populated with editable suggestions, shifting the task from initial construction toward review, correction, splitting,
merging, and relabeling.

C. CrowdWorkSheets Documentation

We include a CrowdWorkSheets-style description of the annotation process (Diaz et al., 2022). The purpose is to document
task subjectivity, annotator recruitment, platform choices, and known risks.

C.1. Task Formulation

At a high level, what are the subjective aspects of your task? The task is subjective in two ways. First, annotators
decide how to group frames into temporally coherent events. The boundary between the end of one event and the beginning
of the next can be gradual. Second, annotators classify each segment as normal or abnormal. The guide defined abnormal
events as criminal, accidental, or catastrophic incidents, but applying this definition still requires contextual interpretation.

What assumptions do you make about annotators? We assume that annotators follow the instructions, watch each
video before annotating, and use their own judgment when boundaries or event categories are ambiguous. We also assume
that disagreements are expected and informative in this task.
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Figure 7. Attention map visualization on representative UCF-Crime samples. Each merged image contains three stacked rows: original
frame, baseline ViT-B/32 attention, and fine-tuned attention.

How did you choose the wording of the task instructions? The instructions were designed to give annotators a concrete
operational definition while leaving room for judgment. The abnormal-event definition was intentionally broad enough

to cover the relevant video categories without forcing frame-perfect agreement. The guide was reviewed by multiple
researchers and updated after early annotation batches.

What risks did the task pose for annotators? The task involved videos that could include violent, explicit, catastrophic,
or otherwise distressing content. Annotators were informed of the content type before participation. Videos were filtered
before the study to remove material judged too intense for the annotation setting.

What precise instructions were provided to annotators? Annotators were asked to annotate open-world videos. Each
annotator labeled 10 videos: 5 without Pre-Annotations and 5 with model-generated Pre-Annotations. For each video,
annotators grouped frames with similar content by marking temporal segments and assigning class labels. They also marked
each segment as normal or abnormal. Annotators were instructed to watch the full video before beginning annotation and to
use the guide when applying the normal/abnormal distinction.

C.2. Selecting Annotators
Were certain perspectives privileged? The study used a controlled university-affiliated cohort. The aim was to measure

how the annotation workflow changes behavior under a consistent study protocol.

Were sociodemographic characteristics used to select annotators? Annotators were volunteers affiliated with a

university institution. They had at least university-level academic background and no prior exposure to the specific test clips.
The cohort was balanced in gender and included ages ranging from 18 to 50.
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Figure 8. Customized Label Studio interface. In the Assisted condition, Pre-Annotations appear on the temporal bar as suggestions that
annotators can copy, edit, split, merge, delete, or relabel.

Could annotator characteristics have affected the annotations? Yes. Judgments about normality, abnormality, event
boundaries, and contextual relevance can vary across communities and backgrounds. This is why the main paper treats the
study as a controlled annotation audit and does not interpret the Consensus Reference as objective ground truth.

Are affected communities represented in the annotator pool? The annotator pool is not designed to represent all
communities that may be affected by video analysis systems. The study evaluates the annotation workflow and preserves
disaggregated traces for analysis. Broader deployment would require stakeholder-specific recruitment and analysis.

C.3. Platform and Infrastructure Choices

What annotation platform did you use? We used Label Studio (Tkachenko et al., 2020).

Why was this platform chosen? Label Studio is open source, configurable, and supports temporal video annotation. It
also records timing information and allows integration with model-generated Pre-Annotations.

Did the platform meet the requirements of the task? Yes. The customized interface supported video playback, temporal
segmentation, segment labeling, binary event flags, and Pre-Annotation review.

What communication channels were available? Annotators could ask clarification questions directly or through email.
Questions about tool usage were answered. Questions about ambiguous content were answered by referring annotators back
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to the written guide and the principle that reasonable disagreement was expected.
How were annotators compensated? Annotators participated voluntarily and were not financially compensated.

C.4. Dataset Analysis and Evaluation

How do you define annotation quality in this context? Quality is not defined as agreement with a single ground truth.
We evaluate the annotation process through multiple diagnostics: annotation time, alignment with an aggregate Consensus
Reference, pairwise inter-annotator consistency, and latent-space standardization.

Did you analyze disagreement patterns? Yes. Section 3 analyzes disagreement through pairwise inter-annotator
consistency and compares Assisted and Unassisted conditions. It also measures latent-space standardization to distinguish
boundary regularization from simple agreement increase.

How do individual annotator responses relate to released labels? The released artifact preserves annotator-level traces
rather than only a final aggregated label. This allows future work to study disagreement, revision behavior, and the effect of
model suggestions on the annotation process.

Ethics and participant protection. Participants were informed before the study that the videos could contain violent,
abnormal, catastrophic, or otherwise distressing content. Participation was voluntary, and participants could stop the task at
any time. The study used a controlled university-affiliated cohort and filtered videos before annotation to remove material
judged too intense for the study setting. Because unpaid annotation of distressing content raises ethical concerns, we treat the
volunteer design as a limitation of the pilot and recommend fair compensation, explicit opt-out mechanisms, and debriefing
resources for larger-scale studies.
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