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Abstract

Video–language models (VLMs) learn to reason about the dy-
namic visual world through natural language. We introduce
a suite of open datasets, benchmarks, and recipes for scal-
able oversight that enable precise video captioning. First,
we define a structured specification for describing subjects,
scenes, motion, spatial, and camera dynamics, grounded by
hundreds of carefully defined visual primitives developed
with professional video creators such as filmmakers. Next, to
curate high-quality captions, we introduce a critique-based
human–AI (CHAI) oversight framework, where trained hu-
man experts provide correctional critiques to revise model-
generated pre-captions into improved post-captions. This di-
vision of labor improves annotation accuracy and efficiency
by offloading text generation to models, allowing humans
to better focus on verification. Additionally, these critiques
and preferences between pre- and post-captions provide rich
supervision for improving open-source models (Qwen3-VL)
on caption generation, reward modeling, and critique gener-
ation through SFT, DPO, and inference-time scaling. Our
ablations show that critique quality in precision, recall, and
constructiveness, ensured by our oversight framework, di-
rectly governs downstream performance. With modest expert
supervision, the resulting model outperforms even closed-
source models such as Gemini-3.1-Pro. Finally, we apply
our approach to re-caption large-scale professional videos
(e.g., films, commercials, games) and fine-tune video genera-
tion models such as Wan to better follow detailed prompts
of up to 400 words, achieving finer control over cinematog-
raphy including camera motion, angle, lens, focus, point of
view, and framing. Overall, our results show that precise
specification and human–AI oversight are key to achieving
professional-level video understanding and generation.

1. Introduction
The limits of my language mean the limits of my
world.

– Ludwig Wittgenstein, Tractatus Logico-Philosophicus [66]

Video–language models (VLMs) learn a world model of

visual dynamics through language supervision that teaches
them what is present, where it is, and how it unfolds
over time. Prior work [2, 4, 19, 46] shows that high-
quality language supervision improves alignment and con-
trol in image-text models, yet research on curating pre-
cise video annotations remains scarce. Existing video–text
datasets [11, 12, 25, 38, 43, 59, 69] often lack a clear speci-
fication of what to describe, producing inconsistent captions
that cause models to hallucinate or miss key visual details.
To differentiate our goal from that of prior captioning work,
we use the term video language-building as the umbrella
task that includes the following three key components (Fig-
ure 1): (1) a clear specification of what to describe and (2)
a scalable oversight framework for high-quality annotation,
and (3) post-training strategies for scaling model capability
with modest expert supervision.

(1) Precise specification (Figure 2). Describing a video
is inherently ambiguous without explicit guidelines, as one
may focus on what the subject does, how the camera moves,
or how the framing changes over time. Prior cognitive stud-
ies show that language affects visual perception [41, 45, 65],
making a precise specification essential for consistent video
description. To build this foundation, we collaborate with
professional content creators such as filmmakers who rely
on a shared vocabulary [35, 54] to coordinate complex cre-
ative workflows that often require teamwork. Together, we
develop a comprehensive specification that formalizes this
vocabulary from first principles, defining a structured frame-
work that spans subjects, scenes, motion, spatial framing,
and camera dynamics. Unlike popular datasets [11, 25, 59]
that lack structured annotation policies, our specification
defines hundreds of visual and motion primitives (developed
in the concurrent CameraBench-Pro technical report to be re-
leased) and training guidelines that together improve caption
consistency and coverage in human evaluations.

(2) Oversight framework (Figure 3). Writing detailed
video descriptions is cognitively demanding even with clear
guidelines. Even a short 5-second clip can contain multiple
subjects entering and exiting the frame, each performing dis-
tinct actions. Describing such video dynamics can take hun-
dreds of words and more than ten minutes to complete. As a



Figure 1. Recipe for precise video language. We present a recipe for producing high-quality video captions (blue, bottom row) and compare
it with prior work (red, top row). (1) While prior video–text datasets lack a clear policy to teach annotators and models what and how
to describe, we develop a structured specification with professional video creators to collect descriptions that support comprehensive
video understanding. (2) Instead of relying solely on human or model annotators, we introduce a scalable human–AI oversight framework
where humans critique model-generated captions with LLM-assisted writing to ensure annotation quality. (3) Our framework naturally
produces explicit preferences and feedback for post-training models, leading to better performance via SFT, DPO, and inference-time
scaling. Figure 5 shows how our model curates detailed video descriptions that fine-tune video generators to better follow detailed prompts
with professional-level control over camera dynamics, shot composition, and cinematography. We release our recipe, data, and models to
support future research in precise video language.

result, many recent video–text datasets [11, 12, 23, 60, 70]
instead rely on video–language models [3, 48] to write cap-
tions following human-provided instructions. While these
models are highly fluent writers, they often hallucinate vi-
sual details, such as confusing left and right, inventing non-
existent objects or motion, or misidentifying effects like
fisheye lens or dolly zoom. On the other hand, in language
tasks such as summarization and code review, models have
begun to outperform humans in fluency and coverage, mo-
tivating research into scalable oversight methods [5, 8, 51]
that let humans supervise models that may exceed their own
capabilities in certain task-relevant skills. We extend this
idea to video captioning by implementing an oversight frame-
work where models first generate high-recall pre-captions,
and trained human experts focus on critiquing rather than
writing from scratch, guiding models to produce improved
post-captions. Our user study in Appendix A shows that
this approach improves annotation accuracy, writing quality,
and efficiency over prior work [14, 78] that rely on manual
caption editing, presumably because shifting limited human
attention from text generation to verification allows for more
effective use of cognitive resources.

(3) Post-training strategies (Figure 4). Popular post-
training methods such as DPO [50] and GRPO [21] rely on
preference-based supervision, comparing candidate outputs
ranked by humans or reward models. Our data engine not
only provides such preference signals but also adds explicit
language feedback that explains how to improve weaker
outputs into stronger ones through triplets of (pre-caption,
critique, post-caption). We find that explicitly training on

these preferences and critiques greatly improves standard
supervised fine-tuning and offline RL methods such as DPO
and RLHF-V [78]. Crucially, our ablations show that suc-
cessful post-training depends on the high-quality critiques
produced by our framework, which are more accurate, com-
plete, and constructive than those collected in prior work
such as in OpenAI’s GDC [51, 85].

Benchmarks and findings. Using our collected triplets
on �4k videos spanning films, games, commercials, and
user-generated clips, we release the first unified benchmark
for precise video–language understanding that jointly eval-
uates (1) caption generation, (2) reward modeling, and (3)
critique generation. Key findings are:

�
(1) Current video-language models capture subject appear-

ance and scene context well but struggle with fine-
grained aspects such as subject motion and camera dy-
namics.

(2) Explicit preference and critique supervision improves
standard SFT and RL methods, enabling open-source
models to outperform closed-source Gemini-3.1 with
modest expert supervision.

(3) Critique quality (precision, recall, and constructiveness)
is crucial for post-training success. We provide practical
guidelines on quality control and workflow design, and
release the oversight pipeline to facilitate future research
on scalable human-AI data curation.

Application: improving text-to-video generation. We
apply our models to re-caption [4] large-scale professional



videos, sourcing diverse, high-quality footage from �lms,
commercials, music videos, and games. This re-captioning
helps �ne-tuned video generation models such as Wan [58] to
better follow detailed prompts of up to 400 words, achieving
�ner control over motion, camera, visual composition, and
cinematography. We hope this serves as a promising �rst
step toward professional-grade text-to-video generation with
precise language control. See Figure 5 for examples.

Summary. Our contributions are threefold: (1) a compre-
hensive speci�cation that de�nes what and how to describe
in videos developed with professional video creators; (2) a
scalable oversight framework that shifts human effort from
writing to veri�cation via critique-based correction; and (3)
post-training recipes that explicitly leverage these preference
and feedback signals to further improve the model. We hope
our released data, framework, and benchmarks pave the way
for scalable human–AI data curation for professional video
understanding and generation.

2. Related Work

Video–text datasets. Video captioning has evolved
from short, loosely aligned descriptions [25, 69] to longer,
detailed ones [14, 16, 24, 31, 35, 43, 62, 67, 82, 83].
However, current datasets curated by humans or mod-
els [7, 11, 12, 23, 39, 56, 70, 74, 84] often suffer from incom-
plete coverage, visual hallucinations, and writing problems.
Our human evaluations show that these issues largely stem
from the lack of clear speci�cation and effective oversight.
In addition, many foundation models are trained on closed-
source datasets [3, 10, 73] that cannot be veri�ed for quality.

Scalable oversight. As AI systems begin to match or
surpass humans in complex tasks such as coding, mathe-
matics, and writing, a key question arises: how can people
continue to supervise models that are stronger than them-
selves in many of the skills required for these tasks? Scalable
oversight [5, 51] in natural language processing studies this
challenge through the lens of human–AI collaboration; rather
than human-only supervision, models assist humans in pro-
viding high-quality oversight through error detection in tasks
such as question answering, summarization, and code re-
view [42]. However, most video–text datasets still rely on
either human-written [25, 59, 69] or model-generated cap-
tions [11, 70] without cooperation. We adapt the principle of
scalable oversight to curate video captions, allowing models
to generate �uent captions while humans focus on visual
details, each specializing in what they do best.

Post-training strategies. Post-training aligns model be-
havior with human preferences or task-speci�c goals through
supervised �ne-tuning, reinforcement learning, or inference-
time scaling [6, 9, 21, 32, 33, 36, 44, 49, 50, 52, 77]. In
multimodal learning, recent work extends these methods
to vision–language models using self-critique or re�ec-
tion [1, 37, 80], yet most rely on synthetic or image-only

feedback [13, 20, 28, 30, 36, 40, 63, 64, 68, 75, 79, 86].
Ours is the �rst to show that high-quality feedback provides
an effective supervision signal for video understanding.

3. Speci�cation For Video Captioning

How the captioning task is framed directly affects what
annotators perceive and choose to describe [22, 55]. We �rst
identify common issues in prior datasets that lack consistent
annotation policies and then present our structured speci�ca-
tion built with professional video creators. See Figure 2 for
an overview.

Issue: lack of speci�cation. Without clear instruction,
annotators may not know what to describe or how much
detail to include. To examine this, we manually evalu-
ate eight widely used video–text datasets: MSR-VTT [69],
ActivityNet [25], ShareGPT4Video [11], UltraVideo [70],
VDC [7], Dream1K [59], PerceptionLM (PE-Video) [14],
and TUNA-Bench [24]. We �nd that most datasets do not
provide a detailed policy for annotators (the only exception
being [24], whose guideline is not public). We observe three
major issues caused by the lack of speci�cation and provide
detailed error examples in Appendix A:
• (1) Imprecise terminology. Without clear guidelines,

annotators may lack the proper vocabulary to describe vi-
sual or motion effects. For example, they often confuse
camera translation (camera physically moves forward or
sideways) with zoom (focal length change without moving
the camera) or rotation (camera pivots in place). They
also misuse cinematography terms, calling a full shot (en-
tire subject in view) a close-up (small part of the subject),
an aerial shot (high altitude) a bird's-eye view (top-down
angle), or describing �sheye distortion (straight lines bend-
ing outward from a wide lens) as a “circular” scene. See
Figure 6 for such mistakes made by untrained annotators.

• (2) Missing information. Without clear rules on what
to include, annotators often miss key elements essential
for understanding a shot. Some captions focus only on
the subject and its actions, while others describe only
the scene or camera movement, leading to incomplete
descriptions. For instance, although many datasets attempt
to capture camera work [14, 24], their captions frequently
omit crucial details such as camera shake, focus changes,
and tracking movement.

• (3) Subjective descriptions. Without an objective anno-
tation policy, captions often include personal opinions or
emotional language, such as calling a scene “inspiring”
or “informative,” which other annotators may not agree
with. Such subjective phrasing varies across annotators
and distracts from describing the actual visual content.
Building speci�cation with content creators. The lack

of clear speci�cation among prior datasets motivates us to
learn from professionals who already use one. We view
video captioning as a form of visual storytelling: the best



Figure 2. Speci�cation is crucial in video language. Prior datasets (red, left column) that lack a clear speci�cation often misuse visual and
motion terms, omit key information, and include subjective or emotional descriptions that distract from the observable video content. Over
the course of a year, we worked (blue, right column) with more than 100 professional video creators, including �lmmakers, cinematographers,
visual effects artists, and game designers, who rely on a shared language to communicate visual intent precisely in their work. Together,
we de�ne a structured speci�cation of video language that spans subjects, scenes, motion, spatial, and camera dynamics, grounded by
hundreds of primitives such as POVs, overlays, playback speed, subject actions and transitions, shot size and angle, and camera lens and
movement. Each primitive is paired with clear decision rules and training materials to help both professionals and non-professionals apply
them consistently. Detailed descriptions of these primitives and guidelines are provided in our concurrent work CameraBench-Pro (which
will be released separately). We �nd this speci�cation effective in professional work�ows and will release it publicly to support future
research in precise video understanding and generation.

caption should let someone who has never seen the video
picture it vividly [22]. This idea naturally aligns with how
content creators work. In �lmmaking, for example, directors
must tell camera operators exactly how the camera should
move, what angle to use, and how the frame should look to
achieve the intended shot [35, 54]. Such teamwork depends
on a precise shared language to communicate visual intent
before the shot is made. We adopt this practice to build a
structured, teachable video language with over 100 creators
from the US and China working in �lm, game design, and
motion graphics, with 2–5+ years of professional experience.
Through a year-long collaboration, we take a bottom-up
approach to formalize this language. We start by asking
professional creators to describe diverse videos—from �lms
and games to user-generated clips—and collect the aspects
they naturally mention. These are then grouped into a struc-
tured framework of �ve major aspects with clear subcate-
gories: subject (types, attributes, relations), scene (point of
view, overlays, setting, time of day), motion (actions, inter-
actions, group activities), spatial (shot size, frame position,
spatial depth, movement), and camera (playback speed, cam-
era height, angle, lens, focal plane, steadiness, movement).
Each aspect captures both what appears and how it changes
over time. We note that our framework focuses only on
objectively observable visual aspects, rather than subjective
impressions or emotional interpretations.

Primitives for precise speci�cation. Common cinematic
terms are often used inconsistently across practitioners and
datasets. To address this, the concurrent work CameraBench-
Pro (to be released) de�nes hundreds of fundamental vi-

sual and motion primitives through bottom-up collaboration
with professional video creators, establishing rigorous def-
initions, video examples, corner cases, and decision rules
for each primitive. For example, CameraBench-Pro clar-
i�es that bird's-eye view refers to a strict top-down angle
rather than any high vantage point, and extends playback
speed beyond slow motion and time-lapse to include speed
ramp and stop motion. The full taxonomy includes over 200
primitives spanning camera motion (� 50, overlapping with
CameraBench [35]), camera setup (� 100), and video cine-
matography (� 70). Each static property (e.g., focal plane,
shot size) is labeled at both the start and end of a shot to
capture temporal change, with decision rules resolving com-
mon ambiguities such as subject identi�cation and dynamic
framing. We refer readers to the CameraBench-Pro technical
report for the complete taxonomy, training guidelines, and
labeling platform.

Structured captioning policy. While primitives de�ne
the building blocks of our speci�cation, they alone cannot
describe how these elements unfold within a video. A com-
plete caption must link multiple primitives into a coherent
description; for example, a transition from a bird's-eye view
to a level angle through camera tilting upward, or a shallow
depth of �eld shot where the focus shifts from foreground to
midground through a rack focus. To capture such structure,
we develop detailed guidelines that extend primitive-based
labeling into full captioning, which speci�es how to describe
each aspect under different conditions. For instance, when a
video lacks a clear or consistent subject, annotators note the
absence (e.g., an establishing shot) or describe how the sub-



ject changes over time (e.g., a revealing shot). Appendix I
provides the full guidelines in detail.

4. Human-AI Oversight Framework

With or without a clear speci�cation, writing detailed
video descriptions is dif�cult and prone to error. Even a short
�ve-second clip can include several subjects and camera or
spatial movements that must be described precisely and in
order. Oversight is therefore key to keeping annotations
accurate and consistent. To study its effect on data quality,
we �rst analyze datasets with limited or no oversight and
the issues that result, then present our CHAI framework
(Critique-based Human–AI oversight). Figure 3 provides a
summary.

Issue: lack of oversight. Most existing video–text
datasets rely on either human-written or model-generated
captions without systematic quality control. We provide a
detailed report of them in Appendix A and summarize the
major issues caused by insuf�cient oversight below:

• (4) Poor writing. Human captions often contain typos,
grammatical mistakes, or awkward phrasing. Beyond
these surface-level issues, untrained annotators may de-
scribe events out of temporal order or use vague references
when multiple subjects appear, such as saying “the �rst
person hugs the second person” instead of “the person on
the left hugs the one on the right.”

• (5) Visual hallucinations. Video captioning models fre-
quently make con�dent but incorrect statements about the
video, e.g., describing actions or objects that do not exist,
or claiming the camera is static when it is clearly moving.

• (6) Inaccurate details. Both human and AI annotators
struggle with subtle visual and motion details, such as
mistaking a hand on the right side of the frame for the
subject's right hand (which is actually the left), or missing
a small handheld motion that makes the camera non-static.

Quality data requires effective oversight. Our human
evaluations (Appendix A) show that even recent benchmarks
such as TUNA-Bench from Kling[24], which claims to have
a speci�cation (though unreleased), still suffer from issues
caused by limited oversight. In our case, oversight is even
more critical because following our caption policy to write
an extremely detailed caption (200–400 words) from scratch
is cognitively demanding even for trained experts. To ef�-
ciently collect high-quality captions, we design an oversight
framework that combines (a) human–AI collaboration to
reduce writing and hallucination errors, and (b) screening,
training, and incentives to ensure annotators are skilled and
motivated to keep details accurate.

(a) Human–AI collaboration for data curation. In-
spired by scalable oversight in NLP [5, 51], we design a
simple but effective work�ow that divides tasks between hu-
mans and models so each focuses on what it does best. Since

large language models are already more ef�cient writers than
most humans [8], our work�ow lets models write �uent text
that closely follows human instruction, while humans focus
on visual fact-checking of model outputs. Figure 3 shows
the steps: (1) Humans �rst label all visual and motion prim-
itives 1 that are important but easy to miss when writing
captions from scratch (e.g., camera shake, focal-plane shifts,
point of view, shot size, and overlays such as framing or
subtitles); (2) a video–language model drafts a pre-caption
from these labels, covering as many relevant details as possi-
ble according to our captioning guideline; (3) humans review
the pre-caption and write a correctional critique explaining
what is wrong or missing and how to �x it; (4) the model
incorporates this critique to produce a re�ned post-caption;
and (5) humans repeat the critique if needed until the caption
is fully accurate. The appendix provides more details on
this process, including how annotators �rst complete subject
and scene post-captions, which are then used to prompt the
model to generate more accurate motion and spatial pre-
captions describing how subjects and scene elements move
and are arranged within the frame. The appendix also in-
cludes concrete examples and interface screenshots. Our
preliminary study shows that annotators �nd this division of
labor faster and less mentally demanding, leading to captions
that are (1) more accurate, as humans focus on veri�cation
rather than generation; (2) more complete, as models better
follow the comprehensive guidelines and make fuller use of
all labeled primitives; and (3) more �uent, since all text is
polished by the model.

(b) Screening, training, and incentives. While this hu-
man–AI work�ow is effective, both humans and models can
still miss �ne spatial or motion details; for example, for a
camera-facing person, “moving to his left” appears on the
frame's right, which is easy to confuse with “moving to the
frame's left.” To ensure precise descriptions, we focus on
selecting, training, and motivating the most capable experts.
We recruit annotators only with prior experience in con-
tent creation, such as �lmmaking, motion design, or game
capture. All applicants must complete six rounds of multiple-
choice exams based on our primitives, covering over 150
videos that test understanding of camera motion, setup, and
video cinematography. Only the top 3% of applicants (from
over 600) who rank in the top 20% after six exams are se-
lected. They then complete a month of (paid) training on our
labeling platform, practicing primitive-level tasks to build
the discrimination skills needed for professional-quality cap-
tioning. We also encourage annotators to raise questions
during training if they disagree with any ground-truth answer
or are unsure how to handle edge cases. High performers
are promoted to captioning roles and begin by shadowing

1To reduce cognitive load, primitive labeling is done on a separate
platform with its own quality-controlled process, allowing annotators to
focus purely on captioning during the main work�ow.



Figure 3. Oversight is crucial for quality annotations. Even with clear task guidelines, writing detailed video descriptions remains
error-prone for both humans and models. Our human evaluations show that prior datasets (red, left column) suffer from recurring issues:
human-written captions often contain typos, grammatical errors, awkward phrasing, and events described out of order; while model-written
captions frequently exhibit visual hallucinations, describing non-existent subjects or motion. To address these issues, we introduce a
critique-based human–AI oversight framework (blue, right column) that combines the strengths of both. The model �rst generates a
comprehensive pre-caption following task guidelines, and the human writes a critique that corrects hallucinations and guides the model
toward a re�ned post-caption. This division of labor (1) eliminates writing problems since the language model handles text generation and
editing, and (2) allows humans to focus on veri�cation rather than writing a full caption from scratch or worrying about phrasing. Lastly,
since both humans and models still struggle with �ne details such as spatial relations (e.g., left vs. right), we implement (3) a quality control
system with a peer-review bonus: annotators earn bonuses when reviewers �nd no errors, and reviewers earn bonuses for valid corrections.
This incentive keeps both sides motivated for accuracy. Implementation details—including annotator screening, training, and interface
design—are provided in the appendix. The appendix includes the full critiques (which are more detailed) and additional examples.

expert critiques on 100 gold-standard captions authored and
reviewed by the paper's authors (some of whom are also
content creators). To further improve accuracy, we introduce
a reviewer role (promoted from top annotators with a strong
track record) that checks every critique and post-caption and
corrects errors using the same work�ow. Annotators can see
how their work is corrected and may appeal to the managers
(the paper's authors) if they disagree. This peer-review pro-
cess is reinforced by an accuracy-based bonus: annotators
earn rewards for error-free annotations, and reviewers for
correcting mistakes, keeping both roles motivated to main-
tain precise captions. See Appendix C for implementation
details.

5. Evaluation and Post-Training

Our oversight framework naturally yields triplets of (pre-
caption, critique, post-caption) that support evaluation and
post-training for video–language models.

Benchmarks and tasks. We curate� 20k triplets in
total, allocating 5k as a held-out benchmark and using the
rest for training. This scale far exceeds recent public bench-
marks (typically� 1k), such as DREAM-1K [59] and TUNA-
Bench [24], and uniquely covers �ve aspects per video: sub-
ject, scene, motion, spatial, and camera. The appendix
provides additional statistics such as video duration, FPS,
and word count. To our knowledge, ours is the �rst uni�ed
benchmark that evaluates not only video captioning but also

reward modeling and critique generation, which have be-
come increasingly important for post-training [20, 42]. We
expect all three tasks to play a crucial role in advancing video
understanding; for example, the appendix shows that strong
reward and critique models enable inference-time scaling.
Concretely, the tasks are:

(1) Caption generation (Video! Caption): generate a
long caption that follows our policy for the �ve aspects.
We report the reference-based BLEU-4 metric in the
main paper and defer ROUGE and LLM-as-judge results
to the appendix.

(2) Reward modeling ([Video, Caption] ! Score): predict
which caption better matches the video by checking
whether the post-caption receives a higher score than the
pre-caption. We report binary accuracy (chance = 0.5).

(3) Critique generation ([Video, Caption] ! Critique):
produce a correctional critique that identi�es errors or
omissions and explains how to �x them. We report
BLEU-4 against the reference critique in the main paper,
and include ROUGE and a “critique-guided revision”
proxy metric [20] in the appendix.

Preliminaries: of�ine post-training. Given our col-
lected triplets, we �rst consider of�ine SFT, which di-
rectly trains the model to generate the preferred outputs
(post-captions). We also explore of�ine RL methods like
DPO [50], which adds a contrastive objective that rewards
preferred outputs and penalizes rejected ones with a KL reg-



Figure 4. Critique quality matters for post-training. Prior work [51, 85] often collects critiques that are inaccurate (e.g., hallucinating
information), incomplete (e.g., skipping mistakes), or non-constructive (e.g., noting errors without explaining how to �x them). Our curation
framework instead requires each critique to directly guide the model in producing the �nal post-caption, forcing annotators to write critiques
that are accurate, complete, and constructive. Appendix E shows that removing any of these qualities leads to substantially worse results.

Table 1. Model performance across captioning, reward modeling, and critique generation. We note that: (1) Current models perform
well on subject and scene but struggle with motion and camera aspects. (2) Our �ne-tuned model achieves state-of-the-art performance
across all tasks, outperforming the close-sourced Gemini-2.5/3.1. (3) Adding explicit preference and critique signals (full-data post-training)
improves both SFT and RL. Note that Gemini-3.1 does not support logprobs for reward modeling. Appendix F provides experimental details.

Method
Caption Generation Reward Modeling Critique Generation

Subject Scene Motion Spatial Camera Avg Subject Scene Motion Spatial Camera Avg Subject Scene Motion Spatial Camera Avg

Open-source models

PerceptionLM [14] 8.2 4.8 5.0 7.0 7.5 6.5 38.2 32.4 29.9 34.9 39.9 35.1 2.5 1.5 2.0 1.8 2.2 2.0

OmniVinci [76] 2.8 5.2 3.5 5.5 3.0 4.0 35.9 42.9 37.5 32.8 34.7 36.8 1.2 2.2 1.8 2.5 1.3 1.8

VideoChat-R1.5 [71] 6.5 5.8 4.2 2.8 5.0 4.9 42.5 44.3 41.0 43.3 49.3 44.1 1.0 2.5 1.8 2.0 2.2 1.9

VideoCap-R1 [43] 7.5 6.2 5.5 6.8 4.0 6.0 52.7 46.7 45.5 45.9 44.6 47.1 2.0 1.5 2.8 1.2 2.0 1.9

SkyReels-V2 [10] 1.8 4.0 2.5 4.5 3.2 3.2 52.7 58.0 55.2 51.0 59.9 55.4 2.2 1.0 1.5 2.8 1.5 1.8

OwlCap [87] 4.8 5.5 3.8 5.2 2.5 4.4 48.4 51.3 49.7 47.4 55.2 50.4 1.5 2.5 2.0 1.2 1.8 1.8

video-SALMONN-2 [56] 2.5 1.5 2.0 3.5 3.8 2.7 53.1 61.9 57.8 56.1 61.2 58.0 1.8 1.0 2.5 1.5 2.2 1.8

ShareGPT4Video [11] 5.5 6.8 3.5 6.0 4.5 5.3 49.5 42.5 46.7 44.2 51.4 46.9 2.0 1.5 1.8 2.5 1.0 1.8

MotionSight [18] 4.0 3.5 5.8 4.2 2.2 3.9 45.3 48.2 53.1 46.7 49.3 48.5 2.8 1.5 1.0 2.0 2.2 1.9

MMR1 [27] 2.0 4.2 2.8 5.0 3.5 3.5 55.2 60.2 59.5 57.8 58.2 58.2 1.5 2.0 2.5 1.0 1.5 1.7

SynPO [16] 6.8 7.2 5.0 3.8 6.5 5.9 46.0 43.9 44.6 45.0 51.8 46.3 1.2 2.5 1.8 2.2 1.8 1.9

VideoPASTA [26] 3.0 2.8 1.8 3.8 1.5 2.6 56.9 56.7 54.0 51.0 49.5 53.6 2.0 1.0 1.5 2.5 2.2 1.8

Omni-Captioner [39] 8.0 7.8 4.5 7.5 6.5 6.9 41.0 43.9 42.5 42.5 50.1 44.0 1.5 2.2 2.5 1.0 1.8 1.8

InternVL-3.5 [61] 3.8 2.4 1.8 3.2 1.8 2.6 46.0 63.7 61.6 59.5 63.1 58.8 2.8 2.0 2.5 2.2 1.5 2.2

Granite 3.3 [57] 2.0 1.8 0.8 2.2 0.8 1.5 41.2 44.3 38.9 42.5 46.7 42.7 1.0 1.5 0.8 1.2 2.0 1.3

Qwen2.5-VL-7B [3] 5.1 1.4 4.3 4.6 4.6 4.0 31.0 27.2 35.0 26.1 64.9 36.8 2.2 2.8 1.8 1.5 2.0 2.1

Qwen2.5-VL-72B [3] 7.0 6.5 3.0 6.5 6.0 5.8 33.3 28.8 36.1 27.8 63.9 38.0 3.0 2.5 2.8 2.2 1.8 2.5

Qwen3-VL-8B-Instruct [72] 1.2 3.2 1.4 4.8 2.6 2.6 47.0 63.9 60.5 51.7 56.1 55.8 2.5 3.0 2.0 2.8 1.8 2.4

Qwen3-VL-72B-Instruct [72] 5.4 6.0 3.0 7.8 4.2 5.3 55.7 67.3 66.3 57.8 52.9 60.0 3.2 2.5 2.8 3.5 2.0 2.8

Closed-source models

GPT-4o [47] 4.7 3.0 3.8 4.5 4.9 4.2 49.2 53.7 51.1 51.9 56.6 52.5 1.5 2.0 2.5 1.2 1.8 1.8

GPT-5 5.9 6.3 4.3 5.8 5.1 5.5 55.7 61.6 58.2 59.0 62.9 59.5 3.0 2.5 3.5 2.8 2.2 2.8

Gemini-2.5-Pro [15] 6.3 6.8 4.2 7.2 5.5 6.0 58.2 64.9 57.3 62.9 66.5 62.0 3.5 2.8 2.5 3.2 3.0 3.0

Gemini-3.1-Pro 6.1 6.0 1.4 7.2 4.6 5.1 – – – – – – 3.8 2.8 3.5 3.4 2.8 3.3

Caption-only post-training (Qwen3-VL-8B-Instruct)

RLHF-V (Caption) 10.2 9.5 6.8 13.5 10.8 10.2 57.8 67.0 45.8 44.2 42.5 51.5 3.2 2.8 3.0 4.5 3.2 3.3

DPO (Caption) 10.8 10.0 7.2 13.0 11.2 10.4 58.2 66.5 46.2 43.8 43.0 51.5 3.5 2.5 2.8 4.2 3.5 3.3

SFT (Caption) 14.5 13.2 9.0 18.2 14.8 13.9 59.5 68.8 47.4 45.7 44.4 53.2 3.8 2.5 3.5 5.2 3.8 3.8

SFT + RLHF-V (Caption) 15.2 14.0 9.5 19.0 15.5 14.6 60.2 69.5 48.0 46.2 45.0 53.8 4.2 3.2 3.8 5.5 4.0 4.1

SFT + DPO (Caption) 15.8 13.5 9.3 18.6 15.8 14.6 59.8 69.8 47.8 45.5 45.2 53.6 3.8 3.5 3.2 5.0 4.2 3.9

Full data post-training (Qwen3-VL-8B-Instruct)

RLHF-V (All) 14.2 14.0 8.6 20.8 13.5 14.2 83.5 86.2 73.8 80.4 77.1 80.2 21.8 21.5 22.4 25.0 30.2 24.2

DPO (All) 13.8 14.5 9.0 20.2 14.1 14.3 82.8 87.4 72.5 79.6 78.5 80.2 20.5 22.8 21.6 25.8 29.4 24.0

SFT (All) 16.8 17.5 10.2 24.1 16.5 17.0 89.8 94.2 80.1 86.0 84.1 86.8 23.3 24.7 23.5 29.1 34.1 26.9

SFT + RLHF-V (All) 17.5 18.1 11.0 25.2 17.2 17.8 90.2 94.0 80.5 86.3 84.5 87.1 24.1 25.2 24.0 29.8 34.5 27.5

SFT + DPO (All) 17.9 17.8 10.8 24.8 17.8 17.8 89.5 94.5 79.8 85.7 84.8 86.9 23.8 25.8 23.2 30.2 33.8 27.4



ularization term. RLHF-V [78] further extends DPO by
increasing gradients on the edited text segments between
rejected and preferred outputs. Our data naturally supports
these methods since each triplet provides both preferred
(post-caption) and rejected (pre-caption) outputs.

Ours: training with explicit preferences and critiques.
While DPO and RLHF-V only compare preferred and re-
jected outputs implicitly, we further consider explicitly train-
ing models to generate (1) critiques and (2) preference labels.

(1) Critiques: We train the model to generate acritique
for each(video; caption)pair using reference critiques
when available. If a caption is already correct, the target
critique is “The caption is accurate and requires no
edits.” This training enables the model to perform more
effective self-critique during inference.

(2) Preference labels: We train the model to classify each
(video; caption)pair into fYes; Nog, where “Yes” de-
notes the preferred (post-)caption and “No” the rejected
(pre-)caption. At inference time, following VQAS-
core [34], the model's probability of “Yes” is used as a
reward score, which we �nd more reliable than prompt-
ing for Likert-scale ratings.

Findings. Table 1 presents our main results. (1) Cur-
rent models perform well on subject and scene but strug-
gle with motion and camera aspects, which are likely un-
derrepresented in training data. (2) Our �ne-tuned model
achieves state-of-the-art performance, surpassing both open-
and closed-source baselines. (3) Adding explicit preference
and critique signals consistently improves both SFT and RL
methods across all tasks. Additional results in the appendix
show that (4) inference-time scaling brings further gains
without extra human supervision on reward modeling and
caption generation tasks.

Critique quality is the key. Effective critiques must be
accurate, complete, and constructive, explaining not only
what is wrong but also how to �x it (see Figure 4 for an
example). Our ablations in Appendix E con�rm that all
three properties matter for post-training success. In contrast,
prior work such as MM-RLHF [85] and OpenAI's GDC [51]
often collects feedback that identi�es errors but offers no
corrections.

6. Improving Professional Video Generation

High-quality captions are crucial for improving visual
generation [4]. We use our post-trained model to re-caption
large-scale professional videos and �ne-tune Wan2.2 [58]
for better prompt following. We manually collect about
� 150K videos from YouTube channels covering �lms, com-
mercials, music videos, and game footage under standard
(non-commercial) licenses.

Re-captioning improves text-to-video. Figure 5 shows
that our �ne-tuned Wan model better follows detailed

Figure 5. Re-captioning improves video generation. After
�ne-tuning on large-scale videos re-captioned by our post-trained
Qwen3-VL, Wan2.2 can better follow detailed prompts (up to 400
words) more faithfully and achieve �ner control over camera mo-
tion and video cinematography, such as dolly zoom movements
and isometric (2.5D) views. Human and automated evaluations in
the appendix con�rm that this pipeline outperforms both zero-shot
Wan and Wan �ne-tuned using zero-shot Qwen3-VL captions.

prompts and supports �ner control such as dolly zoom and
isometric (2.5D) perspectives. Additional examples in the
appendix demonstrate control over camera angles (worm's-
eye, Dutch angle), movements (rolling), lenses (�sheye),
playback speed (speed ramp), height transitions (underwa-
ter to above-water), focus shifts (rack focus), and framing
(overlays, shot size, and revealing shots). Evaluations on 200
samples show that �ne-tuning on our re-captioned data sig-
ni�cantly improves prompt following compared to Wan2.2
�ne-tuned with zero-shot Qwen3-VL captions (Appendix H).

7. Conclusion

Limitations and future work. Our CHAI framework
shows that high-quality data can be curated ef�ciently
through human–AI collaboration, even with modest aca-
demic resources. Future work can further scale this process
by using stronger critique models to assist human annota-
tors [5, 51]. While this work focuses on video understanding,
building benchmarks for video generation is a natural next
step.

Summary. We present an open recipe, dataset, and bench-
marks for precise video language, combining clear speci�ca-
tion, scalable oversight, and effective post-training. We hope
this work fosters broader progress in scalable human–AI
collaboration for high-quality data curation in video under-
standing and generation.
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Below is the outline of the supplement:
• Section A provides a detailed error analysis of prior

datasets and crowdsourced annotations.
• Section B presents our full speci�cation, including creator

demographics and captioning policy.
• Section C details our complete oversight pipeline, includ-

ing annotator screening, training, platform design, and
promotion criteria.

• Section D shows additional examples of (pre-caption, cri-
tique, post-caption) triplets from our dataset.

• Section E analyzes how critique quality (precision, re-
call, constructiveness) affects post-training success and
examines the issue of non-constructive critiques in prior
work.

• Section F provides additional ablations of evaluation met-
rics and reward scoring formats, details SFT dataset prepa-
ration, explains adversarial negative critique generation,
and reports hyperparameters.

• Section G shows inference-time scaling results.
• Section H presents details of the web-scraped video set

and the �ne-tuning experiments for text-to-video genera-
tive models.

• Section I provides the complete captioning guidelines for
human annotators.

• Section J presents Python-style pseudocode for converting
labeled primitives into model instructions for generating
pre-captions.

A. Error Analysis of Prior Datasets

We worked with our top-performing annotators to man-
ually evaluate eight widely used video–text datasets and
benchmarks released between 2016 and 2025: MSR-
VTT [69], ActivityNet [25], Dream1K [59], VDC [7], Ul-
traVideo [70], ShareGPT4Video [11], TUNA-Bench [24],
and PerceptionLM [14]. Through this human study, we
identify major issues supported by quantitative results and
visual examples. We begin with a summary of the main
issues, followed by detailed analyses for each dataset and
recommendations for improving future dataset curation.

Issues in prior datasets. Without clear speci�cation
and proper oversight, video–text datasets often end up with
captions that are inconsistent, incomplete, or even incor-
rect. When there is no clear speci�cation, annotators are un-
sure what to describe or how much detail to include. When
there is no oversight, these mistakes remain uncorrected and

spread through the dataset. We analyze both problems below,
with examples from prior datasets.

Issue: lack of speci�cation. Without clear rules on what
and how to describe, captions often become inconsistent and
inaccurate:

• (1) Imprecise terminology. For example, the caption may
misuse terms for visual effects.

• (2) Missing information. For example, the caption may
omit motion or spatial details.

• (3) Subjective descriptions. For example, the caption
may introduce emotional interpretations.

Issue: lack of oversight. Curating long, detailed video
descriptions is inherently demanding and error-prone. With-
out proper oversight, both humans and models can produce
captions with errors that go unchecked:

• (4) Poor writing. For example, there may be typos, gram-
matical mistakes, or awkward phrasing. More subtle issues
include describing multiple temporal events in the wrong
order or mentioning multiple subjects without giving clear
references based on visual attributes.

• (5) Visual hallucinations. For example, the caption may
hallucinate non-existent objects or motions.

• (6) Inaccurate details. For example, the caption may
confuse subtle visual details.

Detailed reports. Below we summarize each dataset,
discussing their speci�cation and oversight frameworks, and
highlighting representative issues. For each dataset, we
provide an overview, report its speci�cation and oversight
method, and list key issues we identify. In addition to prior
datasets, we also report statistics for our own dataset, which
includes three versions: (1) Crowdsourced: captions col-
lected from untrained workers who were not given our speci-
�cation but simply told to describe the subject, background,
motion, and camera in detail; (2) ours (without human): the
pre-caption generated by our label-then-caption approach,
where expert-labeled primitives are provided to Gemini-2.5-
Pro or Qwen-2.5-VL-72B for converting into more accurate
captions; and (3) ours: the �nal human-revised version used
for training and evaluation after a second-stage quality check.

Human rating rubrics. We apply the same Likert-scale
rating policy across all datasets for the �ve aspects we cov-
ered. In addition, we report an Overall rating that summa-
rizes the coverage and accuracy across all aspects, except
for MSR-VTT and ActivityNet Captions, which focus solely
on human activities. However, scores across datasets are not
directly comparable because the video distributions, caption
detail levels, and covered aspects differ:

5. Completely correct; no changes needed.
4. Excellent, with only minor adjustments required (e.g.,

a few inaccurate, missing, or hallucinated words).
Roughly one sentence may need addition, modi�cation,
or deletion.



3. Mostly correct but with notable omissions, hallucina-
tions, or errors (e.g., more than two sentences require
rewriting, deletion, or addition).

2. Mostly incorrect, requiring substantial revisions (e.g.,
more than half of the caption is incorrect and must be
redone).

1. Almost entirely wrong, requiring a complete rewrite
(e.g., the entire caption is irrelevant or fails to mention
the speci�ed aspect at all).

Summary of human evaluations. Table 2 summarizes
our human evaluation results. The collected scores are not di-
rectly comparable across datasets since their video domains
(e.g., length, genre, and complexity) and annotation speci�-
cations differ. Among prior work, TUNA-Bench appears the
most reliable, likely due to its more comprehensive internal
speci�cation and quality control, though its guideline is not
public and many avoidable issues such as typos and gram-
matical errors remain. On our videos, we �nd that captions
from crowdworkers are generally unreliable; they tend to
be much shorter than those produced under our structured
speci�cation and human–AI oversight framework (� 100
words vs. � 400 words). Their errors are often severe, as
crowdworkers typically lack the visual vocabulary needed to
describe common cinematic or motion effects. We include
illustrative examples in Figure 6.

• MSR-VTT [69] (2016)
– Overview: As one of the earliest video–text datasets,

MSR-VTT includes short clips (10–30 seconds each)
annotated with a single short sentence.

– Speci�cation: No public annotation policy was re-
leased. Captions mainly describe subjects and their
immediate actions, without mentioning scene context,
camera motion, or spatial layout.

– Oversight: Captions were collected from thousands of
crowdsourced AMT workers, with each clip annotated
by several independent annotators. The only quality
control mentioned is removing duplicate or very short
sentences during post-processing.

– Issues identi�ed: Crowdsourced captions suffer from
severe quality issues. Many describe only part of the
clip or focus on one action while ignoring others. They
also often contain grammatical mistakes. Because the
captions are short (typically under 10 words), we do
not observe major issues with subjective descriptions or
hallucinated content.

• ActivityNet Captions [25] (2017)
– Overview: ActivityNet Captions include temporally

grounded human-annotated descriptions for� 20k
videos (around 100k sentences in total).

– Speci�cation: Annotators �rst wrote a paragraph enu-
merating all major human actions; then each sentence
was tied to a start and end time. Each sentence describes
a single event.

– Oversight: Annotators were trained through examples
of good and bad annotations shown in the interface.
The interface enforced minimum length (� 3 sentences,
� 5 words each) and required all sentences to be times-
tamped before submission.

– Issues identi�ed: Like MSR-VTT, captions mainly
focus on human actions. Despite better quality con-
trol, quality still varies. Many describe only part of
the clip; overlapping events are merged into one sen-
tence. Camera motion and visual style are never men-
tioned. Due to crowdsourced annotation, Grammar
errors (e.g., missing “to”) remain frequent. Because
annotators attempt to include more details than in MSR-
VTT, hallucinations-especially with subjects and spatial
relations—become more common.

• ShareGPT4Video [11] (2024)
– Overview: ShareGPT4Video annotates 40k videos au-

tomatically using GPT-4V without any human-in-the-
loop, by sending static frames sampled every 2 seconds
to the model.

– Speci�cation: The authors provide only a brief instruc-
tion to GPT-4V, e.g., “conveying changes in actions,
behaviors, environments, states and attributes of objects,
and camera movements between adjacent frames.”

– Oversight: No quality control was applied to the gener-
ated captions.

– Issues identi�ed: We manually evaluate only the sum-
mary captions from all individual frames. GPT-4V is
good at describing general scene context but still hallu-
cinates often, especially for spatial and camera details
(e.g., confusing left vs. right). It also makes basic vi-
sual mistakes, such as treating overlay graphics as real
objects, or saying an object or motion exists when it
does not. There are no writing errors since all captions
are model-generated, but the model frequently adds
subjective phrases like “re�ective ambiance,” “warm at-
mosphere,” or “themes of speed and connectivity” that
humans may not agree with. Their videos are also rela-
tively static, which partly explains the higher score com-
pared to newer datasets. Because descriptions are based
on static frames, camera motion is often wrong, e.g.,
calling a moving shot static, or the opposite. Although
a short speci�cation is provided, it is inconsistently fol-
lowed (e.g., some captions mention shot size, others do
not). We recommend caution when using this dataset
for training video-language models.

• UltraVideo [70] (2025)
– Overview: UltraVideo includes 59k high-resolution

(4K to 8K) videos and provide Qwen2.5-VL generated
structured captions.

– Speci�cation: The authors instruct Qwen2.5-VL to
generate nine structured captions—Brief Description,
Detailed Description, Background, Theme Description,
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