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Long-form video sources: |YOUQILE| |G Liibii A wide, high-angle shot captures a bustling athletics stadium during an event, with a large crowd .. The blue running track encircles a ENTITY
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Question:

Just after the celebratory shot of Piotr Lisek, when the
camera shows a low-angle view of the yellow pole
vaulting pole on the blue track, what changes occur to the
scene?

H ) I | Answers:
shot 90, 12:59 shot90,13:00 : | transition between shot 90 and shot 91,1313 1 | @Anathlete in a white and red outfit becomes visible in
A male pole vaulter, identified as  Piotr Lisek’s head is s et shot 91 ! The camera offers a low-angle perspective dominated by along, | | mid-air above the pole, having just cleared the bar, with
Piotr Lisek, stands in the turned toward the ! Ahard cut transitions from the +yellow pole ..., positioned on the blue running track with white lane ! | their arms extended upwards.
foreground with both fists ! athlete’s celebration to a low-angle ; markings. The background reveals the stadium’s tiered stands densely + | @The athlete raises both arms overhead in a celebratory
clenched and raised in  triumphant shot 90, 13:01 ! shotof the pole, shifting  + packed with a vibrant crowd of spectators, creating an energetic | | gesture, and the standings board is updated with new
gesture, his mouth open in a yell of  Piotr Lisek has lowered his arms | perspective to emphasize the | atmosphere ... On the infield, near the track, a cameraman operates a * performance records for other athletes.
celebration. He wears a white tank ~from a celebratory pose and turned | equipment and the scale of the ' large camera rig ... Ambient crowd murmuring and background | @The camera pans slightly to the left, revealing more
top with 'POLSKA' ... The  his head ... His mouth is now closed venue, reinforcing the athleticism  : music contribute to the lively atmosphere, while the commentator's * | infield equipment and personnel, and the scoreboard

background is filled with a dense
crowd of spectators in the tiered
stadium stands, blurred to
emphasize the athlete ... The
camera is positioned at a medium

distance, capturing his full upper e ATHOSTICSIGHRMEIONSHIES Reas:
body and the immediate P It T e T .\ | The correct answer is from [00:13:14] because a blurred
SR, (onveying F‘;‘I"‘"‘ the landing mat .. Aman ina blue  The athlete has completed the vault and is now descending ... The commentators voiceover notes, “And figure of an athlete in a white and red outfit is now visible
ORI shirt is visible to the right, holding  still a bit of space between him and the bar,” indicating the clearance was successful. The camera has it ey | @il vl i

performance.

The camera has slightly panned to ¢
the right .

up a white flag

and setting of the event. ! voiceover states, "Great clearance there from Lisek”

shot 91,1315 '
The athlete's body has rotated further, with their legs now extended downward and their arms reaching 1

z Championships logo.
forward ... The text on the blue banner in the background has changed to read "GLASGOW 2019

slightly panned to follow the athlete’s descent

updates to show new results for Piotr Lisek.
@A lower-third graphic appears, displaying the athlete's
name and performance statistics along with the European

arms extended upward. Distractor 1 is from [00:02:25]

where a lower-third graphic appears. Distractor 2 is from
100:15:30] where the camera pans left and the scoreboard
updates. Distractor 3 is from [00:11:01] where the athlete
raises arms in celebration and the standings board updates.
)
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Figure 1: KAIROS represents long-form videos as structured, time-resolved annotation streams.
Each video is decomposed into shots, with each shot annotated by a reference-frame description, an
in-shot differential chain, and a video-level entity bank that links recurring identities across shots.
At 1 FPS, the annotations capture three axes of fine-grained video understanding: Space, Time, and
Dynamics. KAIROS-Bench is derived from KAIROS by converting these structured annotations into
temporally grounded questions, whose answers are tied to explicit evidence spans.

@ Time When does it happen?

ABSTRACT

Many emerging video language modeling tasks require systems to move beyond
clip-level abstraction and model visual content as it unfolds over extended time
horizons. However, most existing video datasets rely on coarse or sparsely aligned
supervision, which compresses temporal variation and limits the ability of mod-
els to learn reusable representations of continuous visual dynamics. We intro-
duce KAIROS, a video dataset for video-language modeling with time-resolved
annotations. KAIROS consists of long-duration videos, ranging from ten minutes
to half an hour, annotated with fine-grained temporal alignment. The annota-
tions capture ongoing actions, entity appearances and attributes, interactions, and
evolving contextual cues along the video timeline. This time-resolved structure
supports fine-grained evaluation, long-range modeling and reasoning, instruction
data construction, representation learning, and video generation. KAIROS pro-
vides a general-purpose foundation for modeling visual experiences over time.
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1 INTRODUCTION

Video-language modeling (Venugopalan et al., [2015; |Sun et al., [2019; Zhu & Yang, |2020; L1 et al.,
2020; Luo et al., [2020; |[Fu et al.| 2021} |Li et al.} [2022; Xu et al., 2021 |Alayrac et al.,|2022; |L1 et al.}
2023} Zhang et al.| 2023} |Li et al., [2024a)) seeks to represent and reason over video content through
language as it unfolds over both space and time. In a video, entities appear, interact, and evolve con-
tinuously, forming structured patterns across both spatial layouts and temporal progressions. Such
spatiotemporal evolution gives rise to rich dynamics, including event progression, state transitions,
and causal dependencies, and provides the foundation for grounded reasoning about what happens,
why it happens, and what may follow. Therefore, fine-grained video-language modeling requires
jointly modeling Space, Time, and Dynamics: Space specifies what is present and how it is spatially
arranged, Time captures when events occur across the video timeline, and Dynamics characterizes
how entities, actions, and contexts evolve and interact to form coherent video-level understanding.

A fundamental barrier to achieving this goal lies in the data. Significant efforts have been made to
advance video understanding, including construction of video caption datasets (Chen et al., 2024b;
Farré et al.l 2024), video instruction tuning and conversational video datasets (Luo et al.| 2023
Zhang et al., 2024; (Chen et al., [2024b; |Ren et al.| |2024)), and recent long video benchmarks (Chen
et al., [20244; |Qin et al.,|2025; Mangalam et al., |2023; |Wu et al., 2024} |Cheng et al., 2025} |Fu et al.,
2025} |(Chandrasegaran et al., |2024; |Li et al., 2024b; Wang et al., 2025a)). Despite these advances,
almost all prior works still fall short on all three fronts outlined above.

1. Space: Existing datasets still lack spatial granularity. Most rely on holistic video captions and
place far less emphasis on fine-grained visual annotation than image datasets. As a result, their
annotations typically foreground only the most salient objects, leaving many entities, attributes,
and relations essential for a comprehensive account of video content unspecified.

2. Time: Existing datasets offer limited temporal resolution. Most provide annotations at the clip
level, such as a single caption or a set of questions, without fine-grained temporal alignment.
While such annotations capture high-level semantics, they fail to reflect how visual content,
events, and scene states evolve over time.

3. Dynamics: Existing datasets, especially benchmarks, largely fail to probe fine-grained spatiotem-
poral grounding. This includes aspects such as pinpointing precisely when an event occurs, trac-
ing how states change over time, and examining how observations from different moments jointly
support reasoning about temporal order, interactions, and causality. As a result, they provide only
limited supervision and evaluation of such dynamics, leaving models inadequately assessed in
their ability to perform grounded reasoning over dynamic video structure.

These limitations are especially pronounced in long-form videos (e.g., longer than 10 minutes),
where richer temporal dependencies accumulate over extended durations but remain sparsely anno-
tated.

We propose KAIROS, a new dataset for fine-grained video-language modeling over Space, Time, and
Dynamics. The core of KAIROS lies an automated annotation pipeline that produces fine-grained
spatiotemporal descriptions at multiple levels of granularity: within each shot, it records detailed
visual content; across frames within a shot, it captures temporal variation and scene evolution; and
over the full video, it integrates these observations into spatially detailed and temporally resolved
descriptions. A key component of this framework is a unified, text-centric representation that main-
tains consistency across long video contexts. KAIROS integrates entity consistency directly into
frame-level annotations, allowing recurring entities and semantic attributes to be resolved over time.
This design links entities across distant segments through language, while incorporating multimodal
signals such as speech and environmental audio into a coherent narrative.

As demonstrated in Figure[T] built on this pipeline, KAIROS provides rich, time-resolved annotations
for constructing both training data and benchmarks for video-language models. Since evidence may
be distributed across distant temporal segments, KAIROS supports tasks such as cross-temporal ref-
erence resolution, causal reasoning, and compositional reasoning. Its annotations can be converted
into dense dynamic captions, question-answer pairs, and explicit reasoning paths grounded in tem-
porally localized evidence. This enables questions about what happened, when an entity appeared,
how entities interacted, and how a scene evolved over time, together with rationales that connect
answers to the corresponding video evidence.



Our final dataset contains 19,004 videos with an average duration of 17 minutes, totaling 5,420 hours
of annotated video across 202 diverse scenario types. We focus on videos ranging from 10 to 30 min-
utes in length to better reflect real-world temporal horizons while maintaining high annotation qual-
ity. This regime is particularly important because the limitations of existing datasets become even
more severe in long-form videos, where richer temporal dependencies accumulate over extended
durations while annotations remain sparse. From a subset of 820 videos, we further construct a
benchmark of 2,870 questions, all of which are passed through sanity checks and human verifica-
tion. These questions are temporally grounded to specific moments in the video and include explicit
reasoning rationales. As illustrated in Figure [I] KAIROS exhibits a substantial leap compared to
caption-based datasets in annotation density and information richness.

Our extensive experiments on state-of-the-art video language models (OpenAl, |2026c}; |The Gemini
Teaml| 2026; [Intelligence, [2024; ByteDance Seed, 2026} [Chen et al., [2024c; |Bai et al.l 2025} Xi-
aomi} [2025) reveal that performance degrades when the evidence spans several shots or the whole
video. Besides, we highlight that fine-tuning on training data derived from KAIROS can improve the
performance of video-language models on other long video benchmarks.

Our contributions are threefold.

1. We introduce KAIROS, a new long-form video-language dataset designed for fine-grained mod-
eling of Space, Time, and Dynamics.

2. We develop an automated annotation pipeline that produces multi-level spatiotemporal repre-
sentations for long videos, which captures detailed and structured visual content and enabling
coherent tracking of recurring entities and semantic attributes over time.

3. We construct a temporally grounded benchmark and demonstrate the utility of KAIROS for eval-
uating and improving video-language models.

2 THE KAIROS DATASET

Annotation format. KAIROS represents each video as a dense, temporally unfolding annotation
stream. Rather than assigning a single coarse clip-level description, it refreshes annotations at 1
FPS to capture fine-grained visual, auditory, and semantic changes as they occur. The format also
preserves video structure: frames are organized into locally coherent shots, while a video-level
entity matching mechanism tracks identities, attributes, and relationships as they persist, disappear,
reappear, or are disambiguated across shots. Formally, each extracted frame is stored as a structured
record with four fields: (1) an absolute timestamp, (2) the corresponding video frame, (3) a shot
index, and (4) an audio-aware description. Together, these records provide a temporally grounded
interface for fine-grained video understanding, retrieval, temporal reasoning, entity tracking, and
video generation.

2.1 KAIROS ANNOTATION PIPELINE

The dense and structured nature of KAIROS annotations makes manual annotation prohibitively
expensive. We therefore develop an automated pipeline that first structures the video globally and
then performs fine-grained annotation. As shown in Figure 2] this design preserves both local details
and long-range video dynamics under a tractable computational budget.

Video structure parsing. We model cross-shot entity consistency to handle entities that reap-
pear across distant shots, undergo visual changes, or are later identified through speech and con-
text, thereby capturing continuity and long-range relationships across the video. We first employ
TransNetV2 (Soucek & Lokocl 2024) to segment each video into shots. After shot segmenta-
tion, we identify entities appearing in the reference frame of each shot and construct a video-level
entity bank. We define eight types of entities: person, animal, object, vehicle, text,
location, food, and clothing. Each detected entity is associated with a canonical label and
a short visual-detail string, describing distinguishing attributes. We then link each entity mention
emitted for a new reference frame to the video-level entity bank. The bank is injected into every
reference-frame prompt, which requires that an entity already in the bank be referred to by its canon-
ical name verbatim; a mention whose normalized label exactly matches a bank entry is recorded as a
new appearance of that entity. This lets later shots reuse established identities instead of introducing
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Figure 2: KAIROS transforms raw long-form videos into structured, time-resolved annotations that
integrate visual, temporal, entity-level, and audio information, supporting dense captioning, reason-
ing supervision, and KAIROS-Bench construction.

duplicates. In this way, the entity bank serves both as a tracking mechanism and as global context
for spatio-temporal descriptions.

In-shot fine-grained annotation. Given the parsed video structure, KAIROS annotates each shot
at 1 FPS with an initial-and-subsequent scheme. The first sampled frame in each shot is treated as
the reference frame and receives a full moment-level description, including spatial layout, visible
entities, attributes, relations, on-screen text, and relevant audio cues. Subsequent 1 FPS samples are
treated as differential frames, which record only fine-grained changes relative to the previous sec-
ond, such as actions, state transitions, motion, interactions, visibility changes, and newly appearing
or disappearing entities. This design reduces redundancy while preserving fine-grained temporal
evolution. The core visual annotation process is driven by Qwen3-VL-8B-Instruct
2023) and accelerated with vLLM (Kwon et al.| 2023). For each initial or differential frame, the
model receives the sampled frame, the current entity bank, and the relevant context history and au-
dio information. The generated description is structured along three axes: Space, describing what is
present at a moment; Time, anchoring the description to an absolute point on the video timeline; and
Dynamics, describing how the scene evolves.

Audio and transition annotation. We combine speech transcription and non-speech audio sum-
marization. faster-whisper-large-v3 (SYSTRAN| 2024} Radford et al,2023) transcribes
speech into timestamped sentence-level segments, while Qwen2-Audio-7B-Instruct
[2024) summarizes ambient and event-level sounds in 30-second windows. Both streams are
aligned with the annotation timeline: speech is attached to the corresponding frame, while non-
speech summaries are attached only to reference frames to preserve context without redundancy.
KAIROS also explicitly annotates shot-boundary transitions to preserve cross-shot continuity. For
each boundary, the pipeline records the editing technique (hard cut, fade, dissolve, wipe, etc.), the
narrative purpose of the cut, and the visual contrast across it. These descriptions link adjacent shots
and prevent the video annotation from becoming a set of disconnected shot-level records.

Annotation computation analysis. Because KAIROS annotations are produced by a fully auto-
mated pipeline, the process scales naturally with available GPU parallelism. In our production set-
ting, one H200 annotates about 4 hours of video per hour; with tensor parallelism over two H200s,
the pipeline reaches about 8 x real time. This corresponds to roughly 1,355 H200-hours for the
KAIROS dataset of 5,420 hours, with preprocessing and audio analysis running at over 20X real
time and contributing little to the overall cost.

2.2 VIDEO CURATION

To provide a suitable setting for studying dynamic and fine-grained video understanding, we explic-
itly prioritize long-form narratives with extended durations and a high density of shot transitions.
Such videos naturally encapsulate rich event progressions, entity interactions, and causal dependen-
cies over time. We source our raw data from the two most prominent long-form video platforms:
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Figure 3: Per-catego;y video count of KAIROS dataset, grouped by the 12 parent domains (bar
color). Each bar stacks the curated benchmark subset (820 videos, dark bottom), the YouTube non-
benchmark remainder (middle), and the Bilibili (top hatched).

YouTube and Bilibili. Using an agent-based search strategy, we constructed an initial pool of can-
didate videos ranging from 10 minutes to 4 hours in length. This yielded a total of 28,282 URLs,
comprising 15,054 from YouTube and 13,228 from Bilibili.

To ensure semantic diversity, each candidate URL is pre-annotated and filtered using a stringent
three-level taxonomy encompassing 12 high-level domains, 35 categories, and 202 leaf-level sce-
narios (e.g., A. Sports — A.l. Ball Games — A.l.l. Basketball). During processing, exces-
sively long videos are segmented into consecutive clips of no more than 30 minutes to maintain
annotation fidelity while preserving long-range context. Our final annotated dataset consists of
19,004 high-quality videos, of which 9,434 are from YouTube, and 9,570 are from Bilibili. The total
is 5,420 hours. As illustrated in Figure[3] KAIROS exhibits substantial diversity.

3 THE KAIROS-BENCH

The dense, time-resolved annotations of KAIROS provide structured evidence for downstream video-
language tasks. We use them to construct KAIROS-Bench, a benchmark for fine-grained video un-
derstanding, by guiding LLM-based question generation with a taxonomy of capabilities and tem-
poral tiers. Each item is derived from the relevant evidence in the annotation stream and produced as
a complete multiple-choice instance, including the question, answer, distractors, and rationale. The
same mechanism can also be adapted to generate instruction-response pairs for downstream training.
Because benchmark construction requires a higher quality standard than raw generation, we further
apply a strict verification process before including questions in KAIROS-Bench.

3.1 BENCHMARK DESIGN

We design the KAIROS-Bench around three orthogonal axes that are often entangled in long-form
video understanding: Space, Time, and Dynamics. The Space axis measures what is present at a sin-
gle moment, including scenes, entities, spatial relations, on-screen text, and audio cues. The Time
axis measures where the required evidence resides and how long the evidence span is, ranging from
moment-level cues to whole-video context. The Dynamics axis measures how the video evolves,
including within-shot changes, cross-shot continuity, temporal ordering, causal relations, counter-
factual reasoning, counting, and holistic integration. To systematically probe these dimensions, we
partition questions into 17 capabilities across four cognitive levels: second-level perception, intra-
shot evolution, cross-shot reasoning, and whole-video understanding. Each question is therefore
associated with both a capability label and a temporal tier, allowing model performance to be ana-
lyzed at a finer granularity.

Given a video, the generator samples evidence only from the timestamped KAIROS annotation
stream, and asks Gemini-2.5-Flash (Comanici et all [2025) to produce a complete multiple-
choice question (MCQ) in a single call. This design makes question construction scalable while
keeping every question grounded in the same fine-grained evidence used by the dataset.

We design ten source-type samplers, each targeting a different temporal scale and semantic structure
in the annotation stream:



* Reference-frame samplers. The ref samplers target local evidence from reference frames.
ref_perception samples scene, entity, and spatial information, ref_ocr samples on-screen
text, and ref_audio samples speech or environmental sound.

Within-shot samplers. The diff samplers target short-range dynamics within a shot.
diff_change samples a reference frame with several subsequent differential descriptions, while
diff_sequence samples the full differential chain of a shot.

Cross-shot samplers. entity_tracking, transition, cross_shot, and long.range
sample entities, events, and transitions across multiple shots, from adjacent-shot changes to multi-
minute evidence windows.

Full-video sampler. full_video samples evidence over an entire video or a long segment,
supporting holistic questions that require extended temporal integration.

Each sampler returns the materials needed for question generation, including the relevant annotation
descriptions, their timestamps, the evidence span, neighboring reference-frame context, and a pool
of candidate distractors. The evidence span determines the temporal tier of the question: T1 for
moment-level evidence, T2 for evidence within 60 seconds, T3 for evidence within 300 seconds,
T4 for evidence within 900 seconds, and T5 for evidence beyond 900 seconds. At the same time, the
source type restricts the possible capability labels from the Space and Dynamics taxonomy. Thus,
the temporal tier and capability label are not assigned post hoc after question generation; they are
determined by the evidence sampling process itself.

In the second step, we provide Gemini-2.5-Flash (Comanici et al. 2025) with the sampled
evidence, the neighboring reference-frame context before and after the target evidence, and a coarse
temporal hint indicating the approximate position of the evidence in the video. The model is required
to return a structured response containing four fields: question, answer, distractors, and
reasoning. The question, correct answer, three distractors, and rationale are generated atomically
in the same call. This encourages internal consistency between the answer and the reasoning, and
avoids a separate rewriting stage that could make the distractors superficially different from the
correct answer.

The distractors design. A key design choice is to construct distractors from real annotations rather
than hallucinating from scratch. Specifically, the distractor pool is drawn from non-overlapping
time windows of the same video. Thus, wrong options remain linguistically and semantically plau-
sible because they describe content that actually appears in the video, but they refer to the wrong
time point. This reduces text leakage and prevents models from relying on commonsense priors or
eliminating obviously implausible choices. To answer correctly, a model must locate the relevant
temporal evidence and understand the corresponding visual, auditory, or dynamic content.

3.2 CHECKS OF THE BENCHMARK

Leakage control and sanity checks. A common failure mode in video benchmarks is text leak-
age, where a model can infer the correct answer from the question wording or option priors alone,
without actually understanding the video. We address this issue at both the generation and fil-
tering stages. At the generation stage, distractors are designed to be plausible rather than fabri-
cated. This prevents models from answering by simply eliminating obviously implausible choices,
instead forces them to locate and understand the relevant visual, auditory, and dynamic evidence.
With this design, some questions may still be solvable from textual priors. We therefore apply
a strict text-only audit using a committee of five strong language models: GPT-5.4 (OpenAl,
2026b), Claude—-Opus—4. 7 (Anthropicl 2026), Gemini-3.1-Pro (The Gemini Team,|2026),
GPT-40-mini (OpenAl, 2026a)), and Gemma-4-31B-it (Google DeepMind, 2026). Each
model receives only the question and the four shuffled answer options, without access to the video
frames, audio, or textual video annotations. If at least three of the five models answer a question
correctly, the question is marked as text-solvable and removed. Since each model is evaluated with a
single shuffled option order, the random majority floor is approximately 10.4%. Across 25,707 raw
questions, this text-only audit removes 19,430 items and leaves 6,277 video-dependent candidates.

Human review. After the text-only audit, we further introduce a human verification stage to con-
struct the final curated evaluation set. Each surviving MCQ is independently reviewed by at least
two human annotators, who watch the corresponding video and evaluate the item according to four
criteria. First, question validity checks whether the question is clear, unambiguous, and answer-
able given the video evidence. Second, accuracy and grounding verifies that the correct answer



Table 1: Using a text-only Gemini-3.1-Pro solver with identical prompts and option shuffling,
KAIROS-Bench shows the lowest leakage among all benchmarks, measured by absolute lift over the
random baseline, despite having the second-longest question stems.

Benchmark # Options Random  Accuracy Leakage| # Avg words T
CG-Bench var 2-8, N=6.86  14.57% 50.20%  +35.63 pp 48
DeVE-QA fixed 5 20.00% 53.60%  +33.60 pp 37
EgoSchema (Manga fixed 5 20.00% 53.60%  +33.60 pp 154
LongVideoBench (Wu et al.|[2024 fixed 4 25.00% 56.00%  +31.00 pp 87
Video-Holmes (Cheng et al.| 2025 fixed 6 16.67% 47.60%  +30.93 pp 54
Video-MME (Fu et al.]202 fixed 4 25.00% 54.80%  +29.80 pp 40
fixed 5 20.00% 39.00%  +19.00 pp 97
var 2-5, N=3.51  28.45% 41.00%  +12.55 pp 32
1120 fixed 4 25.00% 37.40%  +12.40 pp 39
KAIROS (Ours) fixed 4 25.00% 34.60% +9.60 pp 144
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Figure 4: Statistics of KAIROS-Bench. Distribution of the curated 2,870 questions across three inde-
pendent labeling axes: evidence span, source type, and evaluated capability, showing the benchmark
coverage over space, time, and dynamics.

matches the visual or auditory facts and that the associated temporal evidence is accurate. Third,
answer uniqueness ensures that none of the distractors can reasonably be interpreted as another cor-
rect answer. Fourth, video dependence confirms that the question cannot be answered easily without
watching the video. Any item that fails the review criteria is discarded. For the final leaderboard
set, we retain only questions with unanimous pass verdicts, yielding 2,870 human-curated MCQs
over 820 videos. As shown in Table[I] we keep the text-only accuracy of KAIROS-Bench substan-
tially lower than that of common video benchmarks, indicating that the retained questions require
video-grounded evidence rather than language-only reasoning.

3.3 BENCHMARK STATISTICS

Following the generation, leakage-control, and human-review steps above, the released KAIROS-
Bench contains 2,870 human-verified MCQs (and matched Open-ended QA pairs) over 820 videos
drawn from all 35 categories. Figure ff] summarizes the three labeling axes: the Time axis is de-
liberately weighted toward the long-context tail (T3-T5 jointly account for ~30% of items), the
Source axis is dominated by reference-frame and within-shot samplers but retains meaningful mass
on cross-shot and full-video samplers, and the Capability axis spreads over all 17 rows so that per-
axis evaluation surfaces specific failure modes rather than a single overall score. Representative
questions across these axes are shown in Figure[3]
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2 shown against the sky, the close-up of the snowboarder’s boot and preceding 3 snowboarder in a camouflage Jacket is carving down the slope, what do they <1, about v scene a building is visible near a ski lft, what -+ appears on the sign of that

the shot of them on the groomed slope, what is the camera's behavior? the snowboard? building?

Q3 The camera remainssaic, maianing  low-angle perspectve Q0 e snowboarderstatesthatthe board possessesan ncredible sp, Q3 The sign on the buiding near the skt displays the word Ruby.

Ref: Perception Al: Scene Recognition Diff: Change B1: Change Detection Entity Tracking C1: Entity Continuity
o the opening segment, George Michael is seen walking across the £ In the segment George Michael is singing passionately into the microphone with 57 Considering the of the video, which of the following best describes
L°3 Stage, in the scene he is illuminated by a powerful blue spotlight with a lens Y9 warm stage lighting, what are visible in his head position and facial v in a later scene where George Michael is performing under

flare, is the most prominent feature of the stage background? expression? aspotlight?

30 e background is shrouded i drknes and hase, reveling ony fit e and blue

Gy i e sty owers and s more toward i igh shoulde,and his mouth opers
" Stage lights in the distance.

" wider to emphasize a vocal note, while the microphone is held a bit lower and closer to
his lips.

G5 The audience s visible s blured figres i the background, luminaed by a wam
" orange glow from below, while a hazy atmosphere pervades the vene.

Cross Shot C4: Causal Reasoning Long Range C3: Temporal Order

Ref: Perception

match selection screen featuring 'Nikki' and ‘Mohammed, Maran Zucker, D.DS. is explaining skincare routines to the camera,

97 What is the the game transitions from the live soccer match
™4 Nikki is ahead 10 against Guest?

Q) The ransition occurs to isplay the player's chosen opponent and the amount o gold
" coins at stake for the upcoming match, preparing for the next phase of gameplay.

Full Video D2: Temporal Localization

does the player 'Nikki' first encounter an opponent whose name is clearly
“*3 gisplayed as 'Mohammed' before a match begins?

37 Considering the
b leading up to the second match against ‘Nihad where Nikki is
kicking off?

Gy T inial matc slection shows NIk gainst Mohammed, then thre's o mach it

Dagmar that ends in a ti, followed by a match selection screen before Nikki starts the
game against Nihad.

The correct answer is supported by [00:10:42] because at this

97 In the scene
eh the text 'LINKS BELOW' is no longer visible on screen, is
prominent on her attire?

G Her blck Veneck scru top fesures her embroderd ame, Maran Zucker, DS,

clearly visible on the left chest.

Transition C2: Narrative Transition

27 And then continues speaking about her first go-10 after a retinoid, what is the
¢e employed and its purpose?

o, timestamp, ‘Nikki (seen at 00:06:41 and 00:06:50) and before
any subsequent matches. Distractor 1. Distractor 2 ... [00:12:16].

Q- This occurs in the second quarter of the video, just aer a match against
v Distractor 3 ...[00:13:20].

Q) A hard cuts used to mainain  continuous flow of he skincare advice,highlighing her
“Guest_212349804' has concluded and NikKi is selecting a new opponent. o~

hand gestures as she explains application instructions.

Ref: Perception A3: Spatial Reasoning Diff: Sequence

B2: Action Sequencing

Diff: Change B3: State Tracking
57 When the woman with auburn hair is weaving in a loose end of beige yam,
%3 She begins sewing together two sections of a knitted piece,

blurred background?

o

70 In the sequence

Y3 darming needle,
the daming needle,

the woman is shown threading a loose end of yan with a 2 In the clnse-up segment of Tayo Rockson,

the wide shot of him on stage,
the shot where she is inspecing sttches wilh BB sy 2

in the softly

Q) A large ball of beige yam rests nearby, accompanied by a dark gry kting needle,

Q- Fist, he woman switches the daming needle o he left hand wile her rght hand hlds
" indicating the ongoing project

" the fabric; then, her right hand holds the yar taut as its threaded; finally, her left hand
lifs the daning needle higher.

G HIS mouth st opens mispeech, then widens frtheras he emphsizes a pin, and
" finally closes as he turn his head away from the camera

Full Video D3: Counting Cross Shot C5: Counter Factual
les the video show a close-up of hands weaving in loose

@ 27 If Tayo Rockson had not mentioned leamning a lesson at age 20 about being lost in
ends of yar into the knitied piece? Y Greece, im

mediately after his statement

The correct answer is supported by [00:08:02, 00:10:32] because
these are the only two instances where the hands are specifically
shown weaving in loose ends. Distractor 1 is incorrect as it
happens twice. Distractor 3 is incorrect as it happens only twice.
Distractor 4 is incorrect as it happens only twice.

about gathering information?

Gy The camera would have been less lkely o ansion rom awide shot ofHim spesking

Q) he video showsclose-ups of hands weavingin loase ends o yam two disinct times.
h25 0. close-up of the ‘ONE it card with the global skyline.

Figure 5: Representative questions from KAIROS-Bench across the three axes. Each block shows
three keyframes, the question and correct answer, and the labels assigned to the question. The
examples cover the full evidence span: from single-frame perception, through within-shot evolution
and cross-shot continuity, up to full-video.

3.4 RESULTS OF THE KAIROS-BENCH

We evaluate 7 closed-source models and 14 open-source models. Three models receive the video
natively: the two Gemini models and LLaVA-Video-7B. Every other model receives uniformly
sampled frames at the per-model budget listed in Table[8] The results are shown in Table[2} Accuracy
drops once the evidence spans several shots or the whole video.

To further analyze text leakage, we evaluate public video-MCQ benchmarks under an identical pro-
tocol: we draw a stratified sample of 500 questions from each benchmark and answer them with
Gemini-3.1-Pro (The Gemini Team||2026) using text only, without any visual input. We define
leakage as the solver accuracy minus the random-answering baseline for each benchmark. KAIROS-
Bench exhibits the lowest leakage despite having the second-highest word count. This is notable be-
cause KATROS-Bench intentionally avoids exposing numeric timestamps that would allow a model
to directly retrieve or attend to the referenced segment. Instead, each question contains a linguistic
anchor that pins the query to a specific moment in the video while still requiring the model to localize
the relevant event from visual content. This design prevents models from taking a timestamp-based
shortcut, yet it also makes text-only leakage a more serious concern because the questions must
include richer natural-language grounding. To mitigate this risk, KAIROS-Bench undergoes a strict
auditing process involving five models followed by human verification.




Table 2: MCQ leaderboard on the KAIROS-Bench with full per-capability accuracy. The 17 capa-
bilities are grouped by their temporal scope. #Q is the question count per capability.

Single Frame

‘Within Shot Cross Shots Full Video

Model Overall Al A2 A3 Ad

A5 Bl B2 B3 B4 CI c2 3 4 G D1 D2 D3

#0 2,870 388 152 74 177 184 408 201 31 354 366 14 230 53 97 5 97 39
Closed-source
Gemini-3.1-Pro (The Gemini Team|[2026} 59.0 611 546 67.6 723 668 537 428 51.6 548 645 143 613 698 464 80.0 814 308
GPT-5.5 (OpenAl|2026c| 574 571 574 783 645 399 556 469 609 69.5 582 182 588 57.1 373 1000 740 353
Gemini-2.5-FTash (Comanici et al.;2025] 54.1 534 605 743 661 538 564 473 452 542 571 143 470 566 320 1000 526 410
Nova-2-Lite (Intelligence2024] 46.8 477 474 595 486 37.0 559 403 452 472 429 357 439 604 485 1000 392 333
Seed-2.0-Lite (ByteDance Seed| 2026} 42.6 508 48.0 58.1 475 315 417 358 484 404 418 7.1 374 39.6 350 1000 485 513
GPT-40 (Achiam et al.[[2023 379 42.8 434 500 441 31.0 324 328 258 395 424 214 335 340 289 1000 423 282
GPT-4o-mini (OpenAl}2026a] 31.0 327 276 324 322 239 350 299 419 249 352 214 313 415 278 80.0 19.6 41.0
Open-weight
InternVL3-78B (Chen et al.12024c} 520 479 467 649 537 370 613 453 581 624 503 500 461 642 443 1000 474 513
InternVL3.5-38B (Wang et al.||2025b] 47.0 469 467 622 503 299 534 353 387 545 421 500 413 623 52.6 1000 485 513
GLM-4.5V (Hong et al.J2025] 46.8 448 441 541 537 348 500 398 516 658 413 357 374 453 433 1000 474 308
Qwen3-VL-30B-A3B (Bai et al.;2025] 454 433 428 581 542 288 468 373 419 638 424 286 387 547 412 1000 412 308
MiMo-VL-7B (Xiaomi|2025] 423 415 414 541 475 245 422 378 323 551 418 357 404 547 37.1 1000 33.0 385
Qwen3-VL-8B {(Ba et al.[2025] 42.2 420 434 540 525 261 426 383 419 506 42.1 429 344 528 371 1000 392 359
InternVL3-8B (Zhu et al.[2025) 415 46.1 362 554 458 304 517 388 387 353 374 286 39.1 547 402 1000 36.1 385
Qwen2.5-VL-7B (Bai et al.| 2023} 41.0 37.6 408 540 441 353 424 393 419 486 38.0 357 378 453 433 1000 36.1 333
InternVL3.5-8B (Wang et al.[2025b) 40.8 420 368 432 475 293 446 378 387 441 413 500 39.6 528 258 80.0 330 436
Step3-VL-10B (Team)[2025] 39.7 415 40.1 500 537 239 387 299 355 452 415 357 31.7 49.1 381 1000 392 436
GLM-4V-9B (GLM et al.|2024) 38.6 39.7 362 378 350 27.7 412 333 548 466 399 429 365 472 402 1000 258 282
Gemma—-4-31B{Google DeepMind| 2026} 382 423 467 581 429 261 33.1 269 387 421 393 357 348 415 38.1 1000 412 308
CogVLM2-Video-13B (Hong et al.|2024 363 338 36.8 365 31.1 294 402 333 51.6 494 369 7.1 309 39.6 320 1000 227 282
LLaVA-Video-7B (Li et al.}2024a] 26.8 330 164 338 243 288 221 224 258 28.0 31.1 214 278 321 175 800 216 333
Table 3: OpenQA leaderboard on the KAIROS- Table 4: KAIROS training data improves

Bench. Gemini-2.5-Flash (Comanici
et al [2025) judge scores each answer against
the ground truth on a 0-3 scale, and we report
per-tier binarized accuracy with scores no less
than 2 counted as correct.

Qwen2.5-VL-7B-Instruct (Bai et al.,
2023) on KAIROS-Bench and three external
long-video benchmarks via LoRA (Hu et al|
2022) fine-tuning. At evaluation stage, we ab-
late the frame budget over {16,32,64}. With-

out external training data, the fine-tuned model
improves over the base across all benchmarks.

Model Overall Tl T2 T3 T4 TS

#Q 2870 975 1050 227 397 221
{Hong etal. 12025 228% 272% 188% 203% 23.7% 23.5%
78 [Xiaomi| 202> 226% 213% 197% 220% 191% 222%
B-A3E (Bai el al 12025 224%  272% 190% 163% 212% 26.7%
88 (Chen etal.1 2024¢ 199%  264% 14.1% 17.6% 202% 20.8% Model Benchmark
S )8 {Team 12025 197%  259% 157% 142% 186% 19.0% - n
Qw 5 192%  228% 155% 154% 18.9%  24.9% KAIROS  LongVideoBench LVBench Video-MME
o 192%  259% 124% 141% 217% 222% base (32-f) 40.42 56.29 38.69 57.11
T 169% 228% 115% 159% 186% 14.0% finetuned (16-f 47.94 39.1 3
I 88 (Wang ct al. 12025 148% 208% 9.6% 132% 15.1% tnetu ed(16-h 2 38.00 39.18 376
1 385 {Zhu et al. 12055 147%  210% 94%  132% 14.1% finetuned (32-)  47.49 60.08 40.81 59.56
G B (GLM et al 12024 108% 163%  6.6%  84%  8.6% finetuned (64-f) 45.12 59.50 42.15 59.30
LLaVA-Video=TE (Li el al.|2024a) 83%  9.6%  32%  62%  14.4%

We additionally run an OpenQA pass on open-source models on KAIROS-Bench: the model
must generate the answer rather than pick a letter. We score with a text-only LLM judge
Gemini-2.5-Flash, which gets only question, reference answer, and candidate. It returns an
integer 0-3 (no less than 2 counts as correct). The results are shown in Table[3]

3.5 EMPOWERING VIDEO-LANGUAGE MODELS WITH KAIROS

We fine-tune Qwen?2 .5-VL-7B-Instruct with LoRA for 1 epoch, on 232,101 SFT data (in-
cluding the question, answer and reasoning) derived from the KAIROS training split. The model is
trained using uniformly sampled 32 frames per video. We evaluate on KAIROS-Bench and three
public long-video benchmarks (LongVideoBench, LVBench, and Video-MME). Without external
training data, the fine-tuned model improves over the base across all benchmarks. The results are
shown in Table[d] proving that KAIROS serves as a valid supervision target.

4 CONCLUSION

We present KAIROS, a dataset of 19,004 long-form videos with 1 FPS temporally grounded anno-
tations, and KAIROS-Bench, a strictly audited benchmark of 2,870 MCQ and OpenQA questions
organized along three orthogonal axes (Space, Time, Dynamics). KAIROS-Bench is the cleanest of
nine public video-MCQ benchmarks under an identical text-only-leakage probe. Fine-tuning a 7B
open-weight VLM on 232,101 SFT data corpus derived from KAIROS dataset improves accuracy
on KAIROS and on three external long-video benchmarks despite using no training data from them.
We release the dataset, benchmark, and pipeline to enable evaluation and supervision of long-form
video understanding at the granularity at which it actually unfolds.
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APPENDIX

A RELATED WORK

Video Understanding and Video-Language Models. Early video understanding relied on hand-
crafted spatiotemporal descriptors and trajectory-based representations (Laptev, |2005; Klaser et al.,
2008; [Wang & Schmid, 2013 |Wang et al.l 2013). These methods established the fundamentally
spatiotemporal nature of video analysis, but they typically produced clip-level decisions rather than
persistent representations of entities and states over time. Deep architectures later shifted the field
toward learnable spatiotemporal features (Tran et al., 2015} |Carreira & Zisserman) 2017} [Feichten-
hofer et al., [2019; [Wang et al., |2016; [Zhou et al., |2018; [Wang et al., 2018). While these models
substantially improved video representations, their supervision was still largely aligned with clips or
full videos rather than explicitly with second-level state transitions or temporally consistent entity at-
tributes. Video Transformers further improved long-range temporal modeling through native cross-
frame attention (Bertasius et al.| [2021; |Arnab et al., 2021} [Liu et al.| [2022), while self-supervised
pretraining methods demonstrated strong transfer without dense annotation (Tong et al.| 2022} |Wei
et al., 2022; |Akbari et al., [2021; Wang et al.| [2022). Nevertheless, much of this literature still opti-
mizes coarse temporal objectives and often relies on sparse temporal sampling or compressed visual
tokens for efficiency, which can weaken sensitivity to subtle state changes in long videos.

Video-language research evolved from sequence-to-sequence captioning models such as S2VT
(Venugopalan et al.| 2015) to large-scale video-text pretraining frameworks (Sun et al., 2019} Zhu
& Yang, [2020; L1 et al.l 2020; [Luo et al., 2020; [Fu et al., 2021} [Li et al., [2022} [ Xu et al., |2021).
Large web-scale corpora such as HowTol100M (Miech et al.,2019) and WebVid (Bain et al.,|[2021)),
together with CLIP-style contrastive learning (Radford et al.| [2021)), enabled more scalable cross-
modal alignment and inspired retrieval-oriented extensions (Luo et al.,|[2021};[2022; [Ma et al.} 2022;
Fang et al., 2021} |Bain et al., | 2021). However, these corpora are often only weakly aligned in time,
and most training objectives emphasize global or clip-level matching rather than second-level, tem-
porally anchored scene grounding. Recent Video-LLMs connect visual encoders to large language
models through adapters, query modules, or projection layers. Connector-based architectures such
as Flamingo (Alayrac et all 2022) and BLIP-2 (Li et al) [2023) established scalable multimodal
interfaces, and subsequent systems, including Video-LLaMA (Zhang et al., [2023), Video-ChatGPT
(Maaz et al., 2024), LLaVA-Video (L1 et al., 2024a)), LLaMA-VID (L1 et al., [2024c), and TimeChat
(Ren et al.| [2024), extended this paradigm to video dialogue, instruction following, and long-context
reasoning. Even so, a central tension remains between temporal coverage and spatiotemporal fi-
delity: sparse frame sampling, frame pooling, and aggressive token reduction improve throughput,
but they can hinder fine-grained temporal localization, entity tracking, and temporally consistent
reasoning.

Video-Language Datasets and Benchmarks. Large-scale video-text pretraining datasets provide
the foundation for many modern video-language models. Web-scale corpora such as WebVid (Bain
et al., 2021), InternVid (Wang et al.| 2023), and OpenVid-1M (Nan et al., 2024) collect millions to
hundreds of millions of video-text pairs, enabling scalable video-text representation learning. These
datasets improve coverage and diversity, but their annotations are weakly aligned and lack dense
temporal supervision. More recent high-quality captioning datasets, such as ShareGPT4Video (Chen
et al |2024b)), and FineVideo (Farré et al., [2024), move toward richer and more structured supervi-
sion. Another important line of work focuses on video instruction tuning and conversational video
data. Datasets such as VideoChat-11K (L1 et al., [2025])), Video-ChatGPT-100K (Maaz et al., [2024),
Valley-Instruct-65K (Luo et al., [2023)), LLaVA-Video-178K (Zhang et al.| [2024), ShareGPT Video
(Chen et al.}2024b)), and TimelT (Ren et al., [2024) transform existing captions, QA annotations, or
video understanding tasks into instruction-following formats. While these datasets provide richer
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language supervision, much of their annotations are still coarse in spatial and temporal granularity.
As aresult, they lack fine-grained grounding in space and time and provide limited supervision over
video dynamics.

Temporal grounding and dense video understanding benchmarks provide more explicit temporal
supervision. Classic and widely used datasets such as ActivityNet (Krishna et al.,|2017)), Charades-
STA (Gao et al.l 2017), DiDeMo (Anne Hendricks et all [2017), and QVHighlights (Lei et al.
2021)) annotate the relationship between natural language queries and temporal segments in videos.
These benchmarks have played an important role in moving video-language evaluation beyond full-
video classification and toward timestamp-aware grounding. More recent long-form or egocentric
grounding resources, such as MAD (Soldan et al.| 2022)) and Ego4D (Grauman et al.,[2022), extend
this setting to movies or first-person videos. VidChapters-7M (Yang et al., [2023)) further introduces
large-scale chapter-level supervision for long videos, with chapter titles and timestamps collected
from web videos. These datasets are highly relevant to temporal localization, but they still do not
fully solve the problem of fine-grained state and attribute tracking. Moment boundaries are often
coarse, query-level, or segment-level, and the annotations usually describe events or steps rather
than maintain a persistent inventory of entities, attributes, relations, and state changes across time.

Video question-answering benchmarks have also evolved from short-clip QA toward long-form and
diagnostic evaluation. Earlier benchmarks evaluate video understanding through manually annotated
or carefully constructed questions, including both open-ended and multiple-choice formats (Yu et al.,
2019; [Xiao et al., [2021} |Grauman et al., 2022). More recent comprehensive benchmarks, including
MVBench (Li et al.,2024b), LongVideoBench (Wu et al.,[2024), Video-MME (Fu et al.| [2025), and
LVBench (Wang et al., 2025a), expand evaluation toward multi-task reasoning, long-video under-
standing, and full-spectrum video modeling. These benchmarks have been crucial for revealing the
limitations of Video LLMs under long-context settings, but most of them still reduce evaluation to
discrete multiple-choice accuracy. This makes leaderboards easy to compare, but it can also obscure
whether a model truly tracks temporal evidence, maintains entity consistency, or merely exploits
language priors and coarse scene summaries.

Several diagnostic and multi-task benchmarks aim to evaluate more detailed perceptual and tem-
poral capabilities. The Perception Test includes object tracks, point tracks, action segments, sound
segments, multiple-choice video QA, and grounded video QA, providing a more diverse testbed for
perception, grounding, and multimodal reasoning (Patraucean et al., [2023)). Datasets such as STAR,
CLEVRER, EgoTaskQA, and TGIF-QA focus on situated reasoning, physical reasoning, egocen-
tric reasoning, state transitions, and repetition counting (Wu et al.l 2021} |Yi et al.| [2020; Jia et al.,
2022; Jang et al., [2019). These datasets isolate specific reasoning factors but are typically built on
short or synthetic clips and thus complement rather than replace long-video benchmarks that require
sustained temporal reasoning.

Overall, existing datasets and benchmarks have substantially advanced video-language learning, but
they leave an important gap for fine-grained, temporally faithful video understanding. Large-scale
web corpora provide breadth but only weak temporal and spatial alignment. Instruction datasets im-
prove the conversational interface of VideoLLMs but often rely on synthetic or model-generated su-
pervision. Temporal grounding datasets provide timestamp supervision but usually focus on query-
to-moment localization rather than persistent entity and state modeling. Long-video QA benchmarks
expose the difficulty of reasoning over extended contexts, but their multiple-choice format can un-
derdiagnose perceptual failures, temporal hallucinations, and entity-state inconsistencies. These
limitations suggest the need for benchmarks and training resources that combine long temporal
coverage with dense temporal anchoring, explicit spatial and entity-level grounding, and evalua-
tion protocols that test not only whether a model gives the correct answer, but also whether it can
maintain temporally consistent, evidence-grounded representations throughout the video.

B ANNOTATION PIPELINE HYPERPARAMETERS

This section enumerates the hyperparameters used by every pipeline stage so that the corpus and the
benchmark can be reproduced exactly. The four artifacts emitted per video are described in Table 3]
of the present section concerns sow those artifacts are produced.
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B.1 SHOT DETECTION AND FRAME SAMPLING

Shot detector. Shot boundaries are produced by TRANSNETV?2 (Soucek & Lokoc, [2024) with a
softmax threshold of 0.5 and a minimum scene length of 15 source frames. The threshold is inten-
tionally slightly recall-biased: a missed boundary merges two semantically distinct shots and breaks
every cross-shot question generated for the resulting merged span, whereas a spurious boundary at
most introduces a redundant reference frame inside a real shot. Both hard cuts and gradual tran-
sitions are accepted as boundaries; the gradual-transition probability head is read from the same
TransNetV2 forward pass.

Frame sampling. After shot detection, the pipeline materialises a per-frame structural record and
extracts a 1 FPS JPEG subset for downstream annotation. Frames are resized so that the longer
image dimension is 1024 pixels, and saved at JPEG quality 90 . The resulting 1 FPS timeline is
the spine of the annotation stream and is what every subsequent description, audio segment, and
benchmark evidence span is keyed to.

Reference and differential frames. Within each shot, the first extracted frame is treated as the
initial frame and receives a full spatial description plus, when entity tracking is enabled, a struc-
tured entity list. All later 1 FPS samples in the same shot are treated as differential frames and are
described only in terms of what changed relative to the previous state. For long shots, the pipeline re-
anchors every 300 differential frames by promoting the current frame to a new initial frame, which
keeps prompt context bounded and reduces drift in long description chains.

B.2 AUDIO PIPELINE

Two complementary audio models. Audio is processed by two complementary models running
on the same physical device. Speech is transcribed with FASTER-WHISPER-LARGE-V3 (SYS-
TRAN| [2024; Radford et al., [2023)) at sentence resolution. Non-speech audio is summarized by
QWEN2-AUDIO-7B-INSTRUCT (Chu et al., [2024) over fixed 30 -second windows; this captures
environmental and event-level sounds such as crowd noise, engine sounds, applause, footsteps, and
music.

Alignment. The two audio streams are aligned to the same 1 FPS timeline used by the visual
annotation stage. Each speech sentence is attached to the first processed frame whose timestamp
falls inside the sentence’s time span, and never attached twice. Environmental audio summaries
are attached only to initial frames, not to every differential frame, so that nearby records are not
burdened with repeated ambient descriptions.

B.3 VISUAL ANNOTATION PROMPTS

Server. The visual annotation stage is driven by QWEN3-VL-8B-INSTRUCT served through
vLLM (Kwon et al., [2023)) with tensor parallel size 2 , bf1oat 16 weights, sampling temperature
0.2, and gpumemory_utilization 0.85.

Four prompt templates. The pipeline emits descriptions through four prompt templates:

* NARRATIVE REF_WITH.ENTITIES (initial frames). Returns structured JSON of the form
{"description": ..., "entities": [...]}: adense paragraph plus an entity list
with canonical mention, entity type, and a visual_details string for re-identification. Condi-
tioned on the current frame, the current entity bank, and a narrative context window of the previous
20 shot descriptions.

* DIFFERENTIAL (within-shot differential frames). Receives the previous and current frame plus
a shot-local description chain capped at the previous 50 descriptions. Forbids restating already-
described static content; allows an empty string when no meaningful change is observed.

* TRANSITION (shot boundaries). Receives the two boundary frames of adjacent shots together

with their shot descriptions, and asks the model to describe the cut in terms of editing technique,

narrative purpose, and framing change without restating scene content already covered.

REFERENCE (fallback). A plain single-frame captioning path used when entity-structured output

is not needed.
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Audio injection. Aligned ASR and environmental audio are appended to every prompt as a shared
suffix that contains only the not-yet-used segments anchored to the current timestamp; this brings
spoken and ambient content into the same frame-level annotation stream without a separate fusion
stage.

B.4 CROSS-SHOT ENTITY MATCHING

Entity vocabulary. For each initial frame the model emits a structured set of entities drawn from
the fixed vocabulary of 8 categories: person, animal, object, vehicle, text, location,
food, clothing. Every instance carries a canonical phrase and a concise visual_details
string intended to preserve identifying appearance cues across shots.

Label-exact matching. Cross-shot entity assignment relies on the prompt contract rather than on
a similarity threshold. The current bank is rendered into each initial-frame prompt as one record
per entity (canonical name, type, and visual_details), limited to the 400 most recently seen
entities, and the model is instructed to reuse a bank entity’s canonical name verbatim. An emitted
mention is matched against the bank by normalized label equality: lower-casing, removal of a lead-
ing article and of edge punctuation, and whitespace collapsing. A hit appends an appearance (shot,
frame, surface phrase) to the existing entity; a miss registers a new entity ID.

B.5 MEGA-BATCH INFERENCE

Single batch across the workload. Each inference round collects the initial-frame prompts of at
most one shot per video (a long shot re-anchored every 300 frames contributes one prompt per
segment) and then fills the remaining token budget with differential prompts drawn from segments
whose initial frame has already been completed. Prompt lengths are estimated analytically before
batching and any prompt that would overflow the round budget is deferred. The resulting workload
is submitted through one v11lm.generate_batch call.

Token budget and engine cadence. The hard cap is 1.2M prompt tokens per round, large enough
to saturate both inference GPUs while remaining stable against out-of-memory spikes from heavy
multi-image prompts. The vLLM engine is rebuilt every 150 rounds so that shared-memory artifacts
that accumulate over long tensor-parallel sessions do not destabilise multi-hour annotation jobs.

B.6 HARDWARE AND THROUGHPUT

The pipeline runs on a homogeneous H200 cluster. The prep and audio stages each exceed 20 x
real time on a single H200, while the infer stage reaches roughly 4 x real time per H200, or 8
aggregate throughput under tensor-parallel-2 serving.

C PER-VIDEO SCHEMA AND DISTRIBUTION DIAGNOSTICS

C.1 PER-VIDEO SCHEMA

Every video directory holds the six artifacts listed in Table 5} The central supervision channel is
descriptions. jsonl: one JSON record per 1 FPS extracted frame, containing the absolute
timestamp, the shot identifier and shot start/end frames and times, a flag is_reference distin-
guishing reference frames from differential frames, the description text, and, on reference frames
that sit at a shot boundary, a populated t ransition field carrying the cross-shot dynamics descrip-
tion. This single record type is sufficient to support every axis of the derived benchmark and every
granularity of the fine-tuning corpus — a downstream sampler need only filter by is_reference
and the presence of t ransition to obtain the artifact it wants.

C.2 SOURCE CURATION

Two-platform pool, three-level taxonomy. Videos are drawn from two public long-form
video platforms, YouTube and Bilibili, seeded by two curated download lists that together
pool 28,282 candidate URLs (15,054 YouTube + 13,228 Bilibili). Each row is pre-tagged
with a three-level content taxonomy: 12 parent domains (A. Sports, B. Gaming, C.
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Table 5: Per-video output schema. descriptions. jsonl is the central supervision artifact;
the other five files carry structural metadata that supports downstream sampling.

File Producer Role

frames/{frame_id}.jpg prep 1 FPS JPEG samples, <1024 px, JPEG quality 90 .

prep-cache. json prep shot list and frame manifest, fingerprinted by the shot-
detector and sampler config.

audio_segments.json audio FASTER-WHISPER-LARGE-V3  speech  segments and
QWEN2-AUDIO-7B-INSTRUCT environment summaries.

descriptions.jsonl infer per-frame  reference and  differential  descriptions;
transition field on shot boundaries.

entities_final.json  infer per-video entity bank: canonical label, type, visual details,
first appearance.

resume_state. json infer entity counter and ASR deduplication state; checkpointed at

every shot boundary.

Ego-Centric & Daily Life, D. Vlogs & Ceremonies, E. Arts & Crafts, F.
Media & Entertainment, G. Public Safety, H. Embodied AI, I. Drones &
Remote Sensing, J. AIGC-related Content, K. Formal Communication, L.
Computer Use); 35 categories nested within domains; and 202 scenarios at the leaf level (e.g.
Basketball within A. Sports / I. Ball Games). The full taxonomy — every leaf scenario
under its parent (domain, category) — is enumerated in Table 6]

Table 6: Full 12 -domain / 35 -category / 202 -scenario content taxonomy of KAIROS. Each
candidate URL in the 28,282 -URL pool was pre-tagged with one (domain, category, scenario) triple
at curation time. The same taxonomy carries through to the annotation corpus and to the benchmark

sampler, so any per-axis evaluation cut can be re-grouped by content type.

Domain Category Scenarios
A. Sports 1. Ball Games Basketball, Soccer/Football, Volleyball, Baseball, American
Football, Golf, Snooker, Bowling
II. Racket Sports Tennis, Badminton, Table Tennis
III. Water & Ice Swimming, Diving, Water Polo, Ice Hockey, Curling, Figure
Sports Skating, Speed Skating, Short Track
IV. Athletics Racing, Relay Race, Marathon, Long Jump, High Jump, Hur-
dles, Pole Vault, Shot Put, Discus Throw, Javelin Throw, Ham-
mer Throw
V. Gymnastics Artistic Gymnastics, Trampoline
VI. Combat Sports Boxing, Wrestling, Judo, Tackwondo, Karate, MMA, WWE,
Kickboxing, Wushu, Fencing, Sumo
VII. Racing Sports & Formula 1, Rally Racing, Off-road Racing, Motorcycle Racing,
Equestrian Horse Racing, Equestrian
VIIIL. Extreme Sports  Skateboarding, BMX, Parkour, Surfing, Alpine Skiing, Snow-
boarding, Rock Climbing, Bouldering, Skydiving, Bungee
Jumping, Scuba Diving
B. Gaming I. Video Games First-Person Shooter, MOBA, VR Games, Soulslike, Rogue-

II. Board & Strategy
Games

like, Sandbox Games, Racing Simulation, Sports Simulation,
Horror Games, Puzzle Games
Go, Chess, Chinese Chess, Gomoku, Mahjong, Poker, Bridge

C. Ego-Centric &
Daily Life

I. Household Activi-
ties

II. Daily Skills

III. Personal Care

Cooking, Washing Dishes, Folding Laundry, Ironing Clothes,
Vacuuming, Assembling Furniture, Fixing Furniture, Cleaning,
Child Care

Typing, Handwriting, Tool Using, Equipment Operation, Play-
ing Instruments, Conversation, Studying, Teaching, First Aid,
Car Repair, Tire Change

Hand Washing, Makeup, Skincare, Taking Medicine, Rehabili-
tation

(continued on next page...)
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(...continued from previous page)

Domain

Category

Scenarios

IV. Outdoor Activi-
ties

Gardening, Agricultural Labor, Tourism

D. Vlogs & Cere-
monies

I. Vlogs

II. Ceremonies

Daily Vlogs, Travel Vlogs, Walking Vlogs, Running Vlogs,
Riding Vlogs, Shopping Vlogs, Gym Vlogs
Wedding Ceremony, Birthday Party

E. Arts & Crafts

I. Visual Arts

II. Handcraft

Pencil Sketching, Oil Painting, Watercolor Painting, Calligra-
phy

Pottery, Origami, Paper Cutting, Embroidery, Knitting, Wood-
working, Sculpting, Jewelry Making, Glass Blowing, Leather
Crafting, 3D Printing

F. Media & En-
tertainment

I. Drama Genres

II. Shows & Perfor-
mance

III. News & Docu-
mentary

IV. Musical & Opera
V. Animation

Medical, Legal, Crime, Domestic, School, Xianxia, Spy, Office

Talk Show, Stand-up Comedy, Magic, Street Performance, Cir-
cus, Acrobatics, Concert
News Broadcast, Documentary

Musical, Opera
Animated Films, Animated Series

G. Public Safety

L. Driving
II. Surveillance

Urban Driving, Highway Driving
Traffic Surveillance, Public Space Monitoring, Home Security

H. Embodied AI

I. Embodied Interac-
tion

Manipulation, Tool Use, Navigation, Human-Robot Interaction,
Dexterous Manipulation

I. Drones & Re-
mote Sensing

1. Aerial Video

II. Satellite Video

Aerial Footage, Survey Flights

Satellite Video, Time-lapse Observation

J. AIGC-related
Content

I. Generated Content

II. Artifacts & Con-
sistency

Text-to-Video Samples, Al Stylized Animation, Deepfake

Compression Artifacts, Moiré, Al Motion Glitch, Frame Inter-
polation Artifacts, Temporal Consistency Issues

K. Formal Com-
munication

I. Academic

II. Business

III. Politics

Conference Presentation, Plenary Speech, Poster Presentation,
Job Talk, Seminar, Group Meeting, Dissertation Defense, TED-
style Talk, Lecture

Investor Pitch, Product Launch, Board Meeting, Contract Ne-
gotiation

Stump Speech, Acceptance Speech, State of the Union, Press
Conference, Legislative Debate, Diplomatic Negotiation, Par-
liamentary Session

L. Computer Use

I. Software Tutorial

II. Daily Activities

Word, Excel, PowerPoint, PhotoShop, LightRoom, Premiere,
Blender, VS Code
Browse, E-mail

Duration filtering. Candidate URLs are filtered to the 10 —30 minutes duration band: the length
regime where clip-scale benchmarks stop scaling and where the Time axis becomes non-trivial.
Sources longer than 30 min are split into consecutive fixed-length 30-minute parts (the _partNN
suffixes visible in the corpus) rather than truncated, so no footage is discarded. After duration
filtering and download-side failures (privacy takedowns, geo-restrictions, channel deletion), the final
annotation corpus contains 19,004 videos totalling 5,420 hours.

C.3 LENGTH AND STRUCTURE

The corpus’s content taxonomy and length distribution are summarized in Figs. [(H9] with the
deepest per-scenario decomposition in Fig. [T0] Together these substantiate the design claim that
KATROS lives in the multi-shot, long-context regime that single-clip benchmarks do not exercise.
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Figure 6: Two-ring content taxonomy of the KAIROS corpus. Inner ring: the 12 parent do-
mains (codes A-L). Outer ring: the 35 categories nested within domains, with leader-line labels.
Wedge sizes are video counts. The corpus is non-uniform but well-spread: A. Sports and
F. Media & Entertainment together account for the largest share, while small-tail domains
(G. Public Safety,H. Embodied AI,I. Drones & Remote Sensing) are kept at
single-digit shares so that downstream evaluation can isolate domain-specific failures.
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Figure 7: Per-video duration distribution on the YouTube partition (9,434 videos, 2,857 hours).
Median 17.0 min, mean 18.2 min, max 32.7 min. The bulk of the corpus sits in the 10 —30-min
target band; the small <10 bar reflects _partNN tail fragments left after splitting longer sources
rather than truncation.

D BENCHMARK CONSTRUCTION DETAILS

D.1 SOURCE-TYPE SAMPLERS AND TIER MAPPING

Each of the 10 source types corresponds to a single sampler over the timestamped annotation
stream. A sampler returns the materials needed for question generation — the relevant annota-
tions, their timestamps, the evidence span, neighbouring reference-frame context, and a pool of
candidate distractors — without ever accessing the raw frames. The temporal tier of a generated
question is determined by the realized evidence span itself, not assigned post hoc by the LLM.
Each sampler also restricts the capability labels that the generator may emit (e.g. ref_audio
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Figure 8: Shots-per-video distribution on the YouTube partition. Median 91 shots per video,
mean 126.4 , max 1,235 , and 1,192,552 shots in total. The right tail is dominated by fast-cut
sports broadcasts and clip compilations and motivates the differential-frame chain in the annotation
pipeline.
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Figure 9: Per-shot duration distribution on the YouTube partition. Median 3.7 s, mean 8.6 s. The
right tail (held shots, >60 s) is what makes Time-axis questions non-trivial in the derived benchmark,
and is also where the 300 -frame re-anchor schedule is exercised.

can only be tagged with A5 audio_comprehension, while transition is tagged with
C2_narrative_transition). Table[7]reports the per-source-type composition of the released
benchmark, alongside the tier range that each sampler’s evidence span can fall into.

Atomic generation. Given the sampled evidence, the neighbouring reference-frame context before
and after the target evidence, and a coarse temporal hint, GEMINI-2.5-FLASH returns a structured
JSON object containing four fields: question, answer, distractors, and reasoning.
All four are produced atomically in the same call. This encourages internal consistency between
the answer and the reasoning, and avoids a separate rewriting stage that could make the distractors
superficially different from the correct answer.

D.2 CROSS-BENCHMARK TEXT-ONLY LEAKAGE — PROTOCOL

The cross-benchmark leakage probe in Table [T] of the main text fixes the solver, the prompt, the
option-shuffle protocol, and the sample size identically across all benchmarks:
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Figure 10: Per-scenario video count across all 202 scenarios of the corpus, grouped by parent
category and parent domain (bar color). Bars are sorted within each category by descending count;
the resulting distribution is long-tailed but non-degenerate, with no single scenario dominating and
every scenario receiving a meaningful share of the corpus.

Table 7: Per-source-type composition of KAIROS-Bench after audit and human review. Allowed
tiers is the range of evidence spans the sampler can realise; the tier of a question is set by the realized
span, not by the source type.

Source type Evidence shape Allowed tiers  #Q
ref_perception single reference frame, scene + entities + relations T1 614
ref_ocr single reference frame, on-screen text T1 177
ref_audio single reference frame, aligned ASR / environment T1 184
diff_change ref + several differential frames inside one shot T2 439
diff_sequence full differential chain of one shot T2 555
entity_tracking cross-shot entity reappearance T3-T5 366
transition two boundary frames + adjacent shot descriptions T2-T3 14
cross_shot several adjacent or near-adjacent shots T3-T4 236
long_range evidence span >300s T4-T5 144
full video whole-video integration TS 141

* Solver. GEMINI-3.1-PRO , no video and no audio, K'=1 shuffle, seed 42, greedy decoding, with
the smallest thinking budget the model accepts (128 tokens).

» Sample size. 500 questions per benchmark, stratified over capability/tier/source where applicable,
otherwise uniform.

* Prompt. A fixed system prompt states that no video or images are available and asks for the
answer letter on the first line followed by one sentence of rationale on the second; the user message
contains the question stem and the shuffled options. No in-context examples and no reasoning
before the answer.

* Random baseline. Computed per benchmark from the realized option counts (1/N for fixed-N
benchmarks, and the per-question mean of 1/N; for variable-option benchmarks).

* Leakage. Solver accuracy minus random baseline, reported in percentage points.
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Figure 13: Two-ring view of the capability axis of KAIROS-Bench. Inner ring: the four cognitive
levels A (Perception, Space), B (Events, within-shot Dynamics), C (Temporal, cross-shot Dynam-
ics), D (Localisation, holistic). Outer ring: the 17 capability cells nested within each level.

Figure [[T]fits a linear regression of leakage on average total characters across the ten benchmarks;
KATROS-Bench has the longest stems among the four-option benchmarks but lies below the regres-
sion line, i.e. its leakage is lower than its length would predict. Figure [I2] shows the underlying
scatter, broken down by benchmark.

D.3 BENCHMARK DISTRIBUTION DIAGNOSTICS

Figures[T3HI8]expand the three-axis summary in Fig. ] of the main text to the content and structural
axes, none of which are exposed in the main paper. Figure [T3|reframes the capability axis as a two-
ring pie (axis — capability) so that the relative weight of holistic Axis-D cells is legible. Figure [[4]
reports the benchmark video count by content category, and Fig.[T3]the per-scenario decomposition;
both confirm that the 820 benchmark videos preserve the corpus-level taxonomy distribution rather
than over-sampling a small subset. Figures [T6HIS| report per-video duration, shots per video, and
per-shot duration on the benchmark subset.
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Figure 14: Per-category video count of KATROS-Bench (820 videos), grouped by parent domain
(bar color). The benchmark preserves the long-tail shape of the corpus (Fig. [3|of the main text); no
domain is dropped, and the small-tail domains G, H, I are over-sampled relative to their share of the
corpus to keep per-domain question counts non-trivial.
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Figure 15: Per-scenario video count of KAIROS-Bench across the 202 scenarios of the content
taxonomy. Bars are colored by parent domain. The benchmark video pool is intentionally spread thin
across scenarios rather than concentrated in a few high-volume cells, so that per-scenario evaluation
is well-defined for as many cells as possible at the cost of small absolute counts in the long tail.

E EVALUATION PROTOCOL

We evaluate 21 models in total: 7 closed-source proprietary and 14 open-weight. A unified runner
groups questions by video_id, prepares the video once per video for the relevant backend, then
dispatches every question for that video in parallel (API: ThreadPoolExecutor) or batched (vLLM:
generate_batch).
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on the 820 benchmark videos.  mark video. on the benchmark videos.

E.1 BACKENDS AND VIDEO-INPUT NEGOTIATION

Five backends. The runner instantiates one of five backends per model based on its registry entry:

* VLLM (open-weight): frame mode for every family except LLAVA-VIDEO-7B, which is fed the

video directly.

HuggingFace Transformers (open-weight): used for the few open-weight models without a

vLLM video implementation, in frame mode only.

* OpenAl direct (closed-source + OpenRouter-proxied open-weight): probes data:video/mp4
native video once per model and caches the result; falls back to N uniformly subsampled frames
otherwise.

* Gemini direct: File API upload + 2 s processing poll, cached per video path. Native video is the
only input mode.

» Anthropic direct: frame mode only (no native video support in the public API).

Native-video models. Only GEMINI-2.5-FLASH, GEMINI-3.1-PRO, LLAVA-VIDEO-7B run with
native video input in our evaluation; every other model receives uniformly subsampled frames at the
per-model budget reported in Table|[S]

E.2 PER-MODEL DECODING AND FRAME BUDGET

Table [§] enumerates the eval-time configuration used for every model in the leaderboard of Table 2]
of the main text. The frame budget is the maximum number of frames the runner sends per question;
the actual count for a given question equals min(budget, | video-dur - 1 |) so that very short videos
are never up-sampled past their native 1 FPS rate. Decoding is greedy (temperature 0) for every
model except GPT-5.5, whose API only accepts its default sampling temperature; for the OpenQA
run we keep the same decoding so that the only intentional change between MCQ and OpenQA is
the answer format.

Scoring. A model output is parsed by first stripping any <think> block, then taking the
last explicit Answer:X if present, otherwise a leading bracketed or bare letter; outputs with
no such letter are counted as incorrect. Per-tier, per-capability, per-source, and per-domain
accuracies are computed by simple bucket-then-average over the parsed letters. Three open-
weight models (INTERNVL3.5-8B, MIMO-VL-7B, LLAVA-VIDEO-7B) are decoded with vLLM
structured_outputs that constrain the final token to a single letter, because their unconstrained
outputs occasionally trail off into reasoning without committing to a choice.

E.3 OPEN-ENDED QA JUDGE

Why an OpenQA pass. A multiple-choice task is easy to score but lossy: a model can recognise
the right answer without being able to produce it. We therefore additionally run an OpenQA pass on
the same 2,870 questions, asking each model to generate a free-form answer rather than pick a letter.
Decoding stays greedy; the per-model token budget is raised to at least 256 tokens so that free-form
answers are not truncated.

Judge. Each generation is scored against the reference answer by GEMINI-2.5-FLASH , which sees
only the question stem, the reference answer, and the candidate; no video, no audio, no chain-of-
thought. The judge returns an integer 0-3 in the MMBench-Video style, and we report binarised
accuracy at threshold >2 . The leaderboard is reproduced in Table [3|of the main text.
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Table 8: Per-model evaluation configuration. Type is the backend used. 7P is the tensor-parallel
size on H200 GPUs (VLLM only). Frames is the per-question frame budget (native = native video
input). Max tokens is the decoding cap. Sampling is greedy throughout.

Model Type TP Frames Max tokens Notes
Closed-source proprietary
GEMINI-3.1-PRO gemini — native 1024 video-native
GEMINI-2.5-FLASH gemini — native 512 video-native
GPT-5.5 openai — 256 2048 forced frame mode
GPT-40 openai — 64 1024 forced frame mode
GPT-40-MINI openai — 128 1024 forced frame mode
NOVA-2-LITE openai — 32 1024 forced frame mode
SEED-2.0-LITE openai — 32 1024 forced frame mode
Open-weight
INTERNVL3-78B vLLM 4 16 512 frame mode
INTERNVL3.5-38B vLLM 2 12 512 frame mode
INTERNVL3-8B vLLM 2 16 512 frame mode
INTERNVL3.5-8B vLLM 2 12 2048 structured-output letter
GLM-4.5V vLLM 4 16 64 enable_thinking=False
GLM-4V-9B HF — 1 512 1-frame ceiling per the model card
STEP3-VL-10B vLLM 2 16 8192 frame mode
QWEN3-VL-30B-A3B VLLM 2 16 512 frame mode
QWEN3-VL-8B vLLM 1 16 512 frame mode
QWEN2.5-VL-7B vLLM 1 16 512 frame mode
MIMO-VL-7B vLLM 1 16 4096 structured-output letter
COGVLM2-VIDEO-13B HF — 16 1024 frame mode
GEMMA-4-31B openai — 32 1024 forced frame mode
LLAVA-VIDEO-7B vLILM 1 native 512 video-native; structured-output letter

F FINE-TUNING RECIPE

F.1 HYPERPARAMETERS

Table [9] summarizes every fine-tuning hyperparameter. The recipe deliberately stays close to a
vanilla LLaMA-Factory gwen2_5_v1 template: LoRA on the seven attention/MLP projections,
frozen vision tower, single epoch, cosine schedule. The only non-default choice is the cutoff length,
which is raised to 16,384 tokens to fit the long anchor-based prompts at 32 frames.

Eval-time frame ablation. At eval time, the fine-tuned checkpoint is decoded with {16, 32,64}
uniformly subsampled frames per question; the headline numbers across these frame budgets and
across the four evaluation benchmarks are reported in Table

G LIMITATIONS AND BROADER IMPACT

G.1 LIMITATIONS

VLM bias. All annotations are produced by Qwen3-VL-8B-Instruct (Bai et al., 2025)), so a
systematic perception bias of that VLM also biases KAIROS descriptions; running the pipeline with
a different VLM is straightforward and would help quantify the bias.

Language-only entity matching. Cross-shot entity matching is language-only, so for visually-
hard-to-describe entities (e.g. visually similar but semantically distinct people in crowd scenes),
label-exact matching splits an identity whenever the model paraphrases an established name instead
of reusing it, and merges two mentions only when it assigns them the same label. This is addressable
by adding a vision-only re-identification signal as a visual matching stage, which we leave to future
work to keep the pipeline VLM-only.

Residual leakage. Even after the multi-model audit and human review, the cross-benchmark leak-
age probe still finds +9.6 pp lift over random under GEMINI-3.1-PRO — the lowest of the ten
benchmarks tested but not zero. We attribute this residual to the linguistic anchors that the ques-
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Table 9: Fine-tuning hyperparameters. The recipe uses LLaMA-Factory’s qwen2_5_v1 tem-
plate; the seven LoRA target modules are the standard transformer projections.

Setting Value

Model and parameterisation
Base model QWEN2.5-VL-7B-INSTRUCT
Framework LLaMA-Factory
Adapter LoRA, rank 32, o« =64
LoRA target modules q,k,v,0,gate, up, down_proj
Frozen modules vision tower (multi-modal projector trainable)
Precision bf16
Distributed DeepSpeed ZeRO-3
Hardware 4xH200

Optimization
Optimizer AdamW (LLaMA-Factory default)
Learning rate 1x107*
Schedule cosine, warmup ratio 0.03
Weight decay 0.01
Per-device batch size 1
Gradient accumulation 8
Effective batch size 32
Epochs 1
Cutoff length 16,384 tokens

Visual input
Frame budget per sample 32

Sampler uniform
Input resolution 420 x 420 pixels per frame (image and video pixels)
Frame source pre-extracted 1 FPS JPEGs (no re-decoding)

tions include in lieu of numeric timestamps; removing those anchors would reduce leakage further
but would also degrade question grounding for non-visual solvers, so we leave the trade-off explicit
rather than tune it.

Per-tier population imbalance. Two cells of the capability axis have small populations
(Dlnarrative_summarisation 5 questions, C2_narrative_transition 14 questions).
Per-cell accuracy on those cells is therefore high-variance and should be read as a coarse signal rather
than a precise number. The headline overall accuracy and the per-tier breakdown are unaffected.

G.2 BROADER IMPACT

Intended uses. KAIROS is intended for the development and evaluation of long-form video un-
derstanding systems in three modes: (i) as supervision data for video-language pretraining and fine-
tuning; (ii) as a benchmark for long-form video QA; (iii) as a substrate for evaluating video-language
alignment, entity tracking, and temporal grounding methods that go beyond clip-level decisions.

Risks. The dataset contains only annotations of public, platform-distributed videos, with platform-
takedown semantics preserved. Personally-identifying information that appears in the source videos
(e.g. recognisable individuals in sports broadcasts) is not added by the annotation pipeline; faces and
identities are referenced only at the level the source already exposes them. Misuse risks are those
typical of any large video corpus; the annotation-side frames are not redistributed, which limits this
surface.
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