Building a Precise Video Language with Human—AI Oversight
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Abstract visual dynamics through language supervision that teaches

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—Al (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—Al 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

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
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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—AlI 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.

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-AlI 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 Ims, feedback {3, 20, 28, 30, 36, 40, 63, 64, 68, 75, 79, 86].
commercials, music videos, and games. This re-captioningOurs is the rst to show that high-quality feedback provides
helps ne-tuned video generation models such as VE&htp an effective supervision signal for video understanding.
better follow detailed prompts of up to 400 words, achieving
ner control over motion, camera, visual composition, and 3. Speci cation For Video Captioning
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 anno_tator; may not know what to_ describe or how much
and feedback signals to further improve the model. We hopedetall to include. To examine this, we manually evalu-

our released data, framework, and benchmarks pave the Waﬁte_e_ight widely ushed video—te_zt datasetls : M%R-VEEQ],[
for scalable human—Al data curation for professional video ActivityNet [25], ShareGPT4Vi ?Ojll]’ U tra\\/} deo [791,
understanding and generation. VDC [7], Dream1K [9], 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

How the captioning task is framed directly affects what
annotators perceive and choose to desciitzed5]. 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,

2. Related Work

Video—text datasets. Video captioning has evolved
from short, loosely aligned descriptior&5] 69] to longer, detailed error examples in Appendix A:
detailed ones 4, 16, 24, 31, 35, 43, 62, 67, 82, 83]. * (1) Imprecise terminology. Without clear guidelines,
However, current datasets curated by humans or mod- annotators may lack the proper vocabulary to describe vi-
els[7,11,12, 23, 39,56, 70, 74, 84] often suffer from incom- sual or motion effects. For example, they often confuse
plete coverage, visual hallucinations, and writing problems. camera translation (camera physically moves forward or
Our human evaluations show that these issues largely stem sideways) with zoom (focal length change without moving
from the lack of clear speci cation and effective oversight. the camera) or rotation (camera pivots in place). They
In addition, many foundation models are trained on closed- also misuse cinematography terms, calling a full shot (en
source dataset8] 10, 73 that cannot be veri ed for quality. tire subject in view) a close-up (small part of the subject),

Scalable oversight. As Al systems begin to match or  an aerial shot (high altitude) a bird's-eye view (top-down
surpass humans in complex tasks such as coding, mathe- angle), or describing sheye distortion (straight lines bend-
matics, and writing, a key question arises: how can people ing outward from a wide lens) as a “circular” scene. See
continue to supervise models that are stronger than them- Figure 6 for such mistakes made by untrained annotators.
selves in many of the skills required for these tasks? Scalables (2) Missing information. Without clear rules on what

oversight p, 51] in natural language processing studies this
challenge through the lens of human—Al collaboration; rather

than human-only supervision, models assist humans in pro-

viding high-quality oversight through error detection in tasks

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

such as question answering, summarization, and code re- descriptions. For instance, although many datasets attempt

view [42]. However, most video—text datasets still rely on
either human-written45, 59, 69] or model-generated cap-
tions [11, 70] without cooperation. We adapt the principle of

to capture camera worlkL {, 24], their captions frequently
omit crucial details such as camera shake, focus changes,
and tracking movement.

scalable oversight to curate video captions, allowing modelse (3) Subjective descriptions. Without an objective anno-

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 ¢ goals through
supervised ne-tuning, reinforcement learning, or inference-
time scaling b, 9, 21, 32, 33, 36, 44, 49, 50, 52, 77]. In

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

multimodal learning, recent work extends these methodsof clear speci cation among prior datasets motivates us to
to vision—language models using self-critique or re ec- learn from professionals who already use one. We view
tion [1, 37, 80], yet most rely on synthetic or image-only 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 Immakers, 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 videgual and motion primitives through bottom-up collaboration
picture it vividly [22]. This idea naturally aligns with how  with professional video creators, establishing rigorous def-
content creators work. In Immaking, for example, directors initions, video examples, corner cases, and decision rules
must tell camera operators exactly how the camera shouldor each primitive. For example, CameraBench-Pro clar-
move, what angle to use, and how the frame should look toi es that bird's-eye view refers to a strict top-down angle
achieve the intended shaif, 54]. Such teamwork depends rather than any high vantage point, and extends playback
on a precise shared language to communicate visual intenspeed beyond slow motion and time-lapse to include speed
before the shot is made. We adopt this practice to build aramp and stop motion. The full taxonomy includes over 200
structured, teachable video language with over 100 creatorgrimitives spanning camera motion %0, overlapping with
from the US and China working in Im, game design, and CameraBench35]), camera setup (100), and video cine-
motion graphics, with 2—5+ years of professional experience.matography ( 70). Each static property (e.g., focal plane,
Through a year-long collaboration, we take a bottom-up shot size) is labeled at both the start and end of a shot to
approach to formalize this language. We start by asking capture temporal change, with decision rules resolving com-
professional creators to describe diverse videos—from Ims mon ambiguities such as subject identi cation and dynamic
and games to user-generated clips—and collect the aspectsaming. We refer readers to the CameraBench-Pro technical
they naturally mention. These are then grouped into a structeport for the complete taxonomy, training guidelines, and
tured framework of ve major aspects with clear subcate- labeling platform.
gories: subject (types, attributes, relations), scene (point of  Structured captioning policy. While primitives de ne
view, overlays, setting, time of day), motion (actions, inter- the building blocks of our speci cation, they alone cannot
actions, group activities), spatial (shot size, frame position, describe how these elements unfold within a video. A com-
spatial depth, movement), and camera (playback speed, canplete caption must link multiple primitives into a coherent
era height, angle, lens, focal plane, steadiness, movementjescription; for example, a transition from a bird's-eye view
Each aspect captures both what appears and how it change® a level angle through camera tilting upward, or a shallow
over time. We note that our framework focuses only on depth of eld shot where the focus shifts from foreground to
objectively observable visual aspects, rather than subjectivemidground through a rack focus. To capture such structure,
impressions or emotional interpretations. we develop detailed guidelines that extend primitive-based
Primitives for precise speci cation. Common cinematic  labeling into full captioning, which speci es how to describe
terms are often used inconsistently across practitioners aneéach aspect under different conditions. For instance, when a
datasets. To address this, the concurrent work CameraBenchvideo lacks a clear or consistent subject, annotators note the
Pro (to be released) de nes hundreds of fundamental vi-absence (e.g., an establishing shot) or describe how the sub-



ject changes over time (e.g., a revealing shot). Appendix |large language models are already more ef cient writers than

provides the full guidelines in detail. most humans{], our work ow lets models write uent text
that closely follows human instruction, while humans focus
4. Human-Al Oversight Framework on visual fact-checking of model outputs. Figure 3 shows

the steps: (1) Humans rst label all visual and motion prim-

With or without a clear speci cation, writing detailed tives * that are important but easy to miss when writing
video descriptions is dif cult and prone to error. Even a short captions from scratch (e.g., camera shake, focal-plane shifts,
ve-second clip can include several subjects and camera orpoint of view, shot size, and overlays such as framing or
spatial movements that must be described precisely and irsubtitles); (2) a video-language model drafts a pre-caption
order. Oversight is therefore key to keeping annotationsfrom these labels, covering as many relevant details as possi-
accurate and consistent. To study its effect on data qualityple according to our captioning guideline; (3) humans review
we rst analyze datasets with limited or no oversight and the pre-caption and write a correctional critique explaining
the issues that result, then present our CHAI framework what is wrong or missing and how to x it; (4) the model
(Critique-based Human—Al oversight). Figure 3 provides a incorporates this critique to produce a re ned post-caption;
summary. and (5) humans repeat the critique if needed until the caption

Issue: lack of oversight. Most existing video—text is fully accurate. The appendix provides more details on
datasets rely on either human-written or model-generatedthis process, including how annotators rst complete subject
captions without systematic quality control. We provide a and scene post-captions, which are then used to prompt the
detailed report of them in Appendix A and summarize the model to generate more accurate motion and spatial pre-
major issues caused by insuf cient oversight below: captions describing how subjects and scene elements move

« (4) Poor writing. Human captions often contain typos, and are arranged within the frame. The appendix also in-
grammatical mistakes, or awkward phrasing. Beyond cludes concrete examples and interface screenshots. Our
these surface-level issues, untrained annotators may ddereliminary study shows that annotators nd this division of
scribe events out of temporal order or use vague referencedabor faster and less mentally demanding, leading to captions
when multiple subjects appear, such as saying “the rst that are (1) more accurate, as humans focus on veri cation
person hugs the second person” instead of “the person orfather than generation; (2) more complete, as models better
the left hugs the one on the right.” follow the comprehensive guidelines and make fuller use of

« (5) Visual hallucinations. Video captioning models fre- all labeled primitives; and (3) more uent, since all text is
quently make con dent but incorrect statements about the Polished by the model.
video, e.qg., describing actions or objects that do not exist,  (b) Screening, training, and incentives. While this hu-
or claiming the camera is static when it is clearly moving. man—Al work ow is effective, both humans and models can

« (6) Inaccurate details. Both human and Al annotators Still miss ne spatial or motion details; for example, for a
struggle with subtle visual and motion details, such as camera-facing person, “moving to his left” appears on the
mistaking a hand on the right side of the frame for the frame's right, which is easy to confuse with “moving to the
subject's right hand (which is actually the left), or missing frame’s left.” To ensure precise descriptions, we focus on
a small handheld motion that makes the camera non-staticselecting, training, and motivating the most capable experts.

We recruit annotators only with prior experience in con-

tent creation, such as Immaking, 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

Quality data requires effective oversight. Our human
evaluations (Appendix A) show that even recent benchmarks
such as TUNA-Bench from Kling[4], 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—Al 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—AlI collaboration for data curation. In-
s_pwed by scalaple oversight in N_L.B’ [>1], we design a To reduce cognitive load, primitive labeling is done on a separate
simple but effective work ow that divides tasks between hu- ,jattorm with its own quality-controlled process, allowing annotators to
mans and models so each focuses on what it does best. Sindecus 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-Al 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 andeward modeling and critique generation, which have be-
reviewed by the paper's authors (some of whom are alsocome increasingly important for post-training[ 42]. We
content creators). To further improve accuracy, we introduce expect all three tasks to play a crucial role in advancing video
a reviewer role (promoted from top annotators with a strong understanding; for example, the appendix shows that strong
track record) that checks every critique and post-caption andreward and critique models enable inference-time scaling.
corrects errors using the same work ow. Annotators can seeConcretely, the tasks are:

how their work is corrected and may appeal to the managers . . i .
(the paper's authors) if they disagrge.p'lE)his peer-review gro-(l) Caption generatlon (Video! Qaptlon): generate a
cess is reinforced by an accuracy-based bonus: annotators long caption that follows our policy for the ve aspe cts.
earn rewards for error-free annotations, and reviewers for We_ report the reference-based BLEU-4 r_netrlc in the
correcting mistakes, keeping both roles motivated to main- main paper and defer ROUGE and LLM-as-judge results

tain precise captions. See Appendix C for implementation o the appendig. i . .
detalils. (2) Reward modeling (Video, Captioh! Score): predict

which caption better matches the video by checking
) o whether the post-caption receives a higher score than the

5. Evaluation and Post-Training pre-caption. We report binary accuracy (chance = 0.5).
Critiqgue generation ([Video, Captiof! 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.

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§9 and TUNA- Preliminaries: of ine post-training. Given our col-
Bench p4], and uniquely covers ve aspects per video: sub- lected triplets, we rst consider ofine SFT, which di-
ject, scene, motion, spatial, and camera. The appendixrectly trains the model to generate the preferred outputs
provides additional statistics such as video duration, FPS(post-captions). We also explore of ine RL methods like
and word count. To our knowledge, ours is the rstunied DPO [50], which adds a contrastive objective that rewards
benchmark that evaluates not only video captioning but alsopreferred 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] 82 48 50 70 75 65 382 324 299 349 399 351 25 15 20 1.8 22 20
OmniVinci [76] 28 52 35 55 30 40 359 429 375 328 347 368 12 22 18 25 13 18
VideoChat-R1.5 [71] 65 58 42 2.8 50 49 425 443 410 433 493 441 10 25 18 2.0 22 19
VideoCap-R1 [43] 75 62 55 638 40 6.0 527 46.7 455 459 446 471 20 15 28 1.2 20 19
SkyReels-V2 [10] 18 40 25 45 32 32 527 580 552 510 599 554 22 10 15 2.8 15 18
OwlCap [87] 48 55 38 52 25 44 484 513 497 474 552 504 15 25 20 12 1.8 1.8
video-SALMONN-2 [56] 25 15 20 35 38 27 531 619 578 561 612 580 18 10 25 15 22 18
ShareGPT4Video [11] 55 68 35 6.0 45 53 495 425 46.7 442 514 469 20 15 18 25 10 18
MotionSight [18] 40 35 58 42 22 39 453 482 531 467 493 485 28 15 1.0 2.0 22 19
MMR1 [27] 20 42 28 50 35 35 552 602 595 578 582 582 15 20 25 1.0 15 17
SynPO [16] 68 72 50 38 65 59 460 439 446 450 518 463 12 25 18 2.2 18 19
VideoPASTA [26] 30 28 18 3.8 15 26 569 56.7 540 510 495 536 20 10 15 25 22 18
Omni-Captioner [39] 80 78 45 75 65 6.9 410 439 425 425 501 440 15 22 25 1.0 1.8 18
InternVL-3.5 [61] 38 24 18 32 18 26 460 637 616 595 631 588 28 20 25 22 15 22
Granite 3.3 [57] 20 18 08 22 0.8 15 412 443 389 425 467 427 10 15 08 1.2 20 13
Qwen2.5-VL-7B [3] 51 14 43 46 46 40 310 272 350 261 649 368 22 28 18 15 20 21
Qwen2.5-VL-72B [3] 70 65 30 65 60 58 333 288 361 278 639 380 30 25 28 22 18 25

Qwen3-VL-8B-Instruct [72] 1.2 3.2 14 48 26 26 470 639 605 517 561 558 25 3.0 20 2.8 18 24
Qwen3-VL-72B-Instruct[72] 54 6.0 3.0 7.8 42 53 557 673 663 578 529 600 32 25 28 35 20 28

Closed-source models

GPT-40 [47] 47 30 38 45 49 42 492 537 511 519 566 525 15 20 25 12 18 18
GPT-5 5.9 6.3 4.3 5.8 5.1 55 557 616 582 59.0 629 595 3.0 2.5 3.5 2.8 2.2 2.8
Gemini-2.5-Pro [15] 63 68 42 72 55 60 582 649 573 629 665 620 35 28 25 32 30 30
Gemini-3.1-Pro 61 60 14 72 46 51 - - - - - - 38 28 35 34 28 33
Caption-only post-training (Qwen3-VL-8B-Instruct)

RLHF-V (Caption) 102 95 6.8 135 108 10.2 578 67.0 458 442 425 515 32 28 30 45 32 33
DPO (Caption) 10.8 100 7.2 13.0 112 104 582 665 46.2 438 430 515 35 25 28 42 35 33
SFT (Caption) 145 132 9.0 182 148 139 595 688 474 457 444 532 38 25 35 52 38 38
SFT + RLHF-V (Caption) 152 140 95 19.0 155 146 60.2 69.5 48.0 46.2 450 538 4.2 3.2 3.8 5.5 4.0 4.1
SFT + DPO (Caption) 158 135 93 186 158 146 598 69.8 478 455 452 536 38 35 32 50 42 39
Full data post-training (Qwen3-VL-8B-Instruct)

RLHF-V (All) 142 140 86 208 135 142 835 86.2 73.8 804 771 802 218 215 224 250 302 242
DPO (All) 13.8 145 9.0 20.2 141 143 828 874 725 79.6 785 80.2 205 228 216 258 294 240
SFT (All) 16.8 175 102 241 165 170 898 942 80.1 86.0 841 868 233 247 235 291 341 269
SFT + RLHF-V (All) 175 181 11.0 252 172 178 90.2 940 805 86.3 845 871 241 252 240 298 345 275

SFT + DPO (All) 179 178 108 248 178 178 895 945 798 857 848 869 238 258 232 302 338 274




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 generatecaitique
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 Figure 5. Re-captioning improves video generation. After
(video; caption)pair into fYes; Nog where ‘Yes' de- ne-tuning on large-scale videos re-captioned by our post-trained
notes 'the preferred (post-)cabtion amt the rejected Qwen3-VL, Wan2.2 can better follow detailed prompts (up to 400

(pre-)caption. At inference time, following VQAS- words) more faithfully and achieve ner control over camera mo-

) . e tion and video cinematography, such as dolly zoom movements
core [34], the model's probability of Yes' is used as a and isometric (2.5D) views. Human and automated evaluations in

reward score, which we nd more reliable than prompt- he appendix con rm that this pipeline outperforms both zero-shot
ing for Likert-scale ratings. Wan and Wan ne-tuned using zero-shot Qwen3-VL captions.
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- prompts and supports ner control such as dolly zoom and

derrepresented in training data. (2) Our ne-tuned model isometric (2.5D) perspectives. Additional examples in the

Z(r:]zli\llsssefjt?stg:r);htzzgl i?\igozrg)a:\gzi;u;zaslzﬁg rbe(;g;eonpceergppendix demonstrate control over camera angles (worm's-
' g explicit p eye, Dutch angle), movements (rolling), lenses ( sheye),

?nnedtk?czgllg L;irilgg E::IT t(;(?srlzlngctili%c/i(;rgslr?ggjltbsoit: tizgangn?i_xplayba(:k speed (speed ramp), height transitions (underwa-
. ” . . pRENdXia 1o above-water), focus shifts (rack focus), and framing
show that (4) inference-time scaling brings further gains

without extra human supervision on reward modeling and (overlays, shot size, and revealing shots). Evaluations on 200
X . P 9 samples show that ne-tuning on our re-captioned data sig-
caption generation tasks.

. o _ » ni cantly improves prompt following compared to Wan2.2
Critique quality is the key. Effective critigues must be ne-tuned with zero-shot Qwen3-VL captions (Appendix H).
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,7' Conclusion
prior work such as MM-RLHF§5] and OpenAl's GDC 1]
often collects feedback that identi es errors but offers no
corrections.

Limitations and future work. Our CHAI framework
shows that high-quality data can be curated ef ciently
through human-Al 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

6. Improving Professional Video Generation

High-quality captions are crucial for improving visual
generation4]. We use our post-trained model to re-caption
large-scale professional videos and ne-tune Wan2g [  SteP:
for better prompt following. We manually collect about Summary. We present an open recipe, dataset, and bench-

150K videos from YouTube channels covering Ims, com- marks for precise video language, combining clear speci ca-
mercials, music videos, and game footage under standardion, scalable oversight, and effective post-training. We hope
(non-commercial) licenses. this work fosters broader progress in scalable human-Al

Re-captioning improves text-to-video. Figure 5 shows collaboration for high-quality data curation in video under-

that our ne-tuned Wan model better follows detailed standing and generation.



References

(1]

[2

—_—

[3

—_—

[4

—_

5

—_—

[6

—_

(7]

(8]

9]

(10]

(11]

(12]

Zachary Ankner, Mansheej Paul, Brandon Cui, Jonathan D[
Chang, and Prithviraj Ammanabrolu. Critique-out-loud re-
ward models. arXiv preprint arXiv:2408.11791, 2024. 3
Hyojin Bahng, Caroline Chan, Fredo Durand, and Phillip
Isola. Cycle consistency as reward: Learning image-
text alignment without human preferences. arXiv preprint

arXiv:2506.02095, 2025. 1 ¥t

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, Sibo Song, Kai Dang, Peng Wang, Shijie Wang, Jun
Tang, et al. Qwen2. 5-vl technical report. arXiv preprint
arXiv:2502.13923, 2025. 2, 3, 7

James Betker, Gabriel Goh, Li Jing, Tim Brooks, Jianfeng
Wang, Linjie Li, Long Ouyang, Juntang Zhuang, Joyce Lee,
Yufei Guo, et al. Improving image generation with better
captions. https://cdn.openai. com/papers/dall-e-3.pdf, 2023.
1,2,8

w
—

[naw)

Samuel R Bowman, Jeeyoon Hyun, Ethan Perez, Edwin Chen,[15]

Craig Pettit, Scott Heiner, KandlLukoSite, Amanda Askell,
Andy Jones, Anna Chen, et al. Measuring progress on scal-
able oversight for large language models. arXiv preprint
arXiv:2211.03540, 2022. 2, 3,5, 8

Tianning Chai, Chancharik Mitra, Brandon Huang, Gau-
tam Rajendrakumar Gare, Zhigiu Lin, Assaf Arbelle, Leonid
Karlinsky, Rogerio Feris, Trevor Darrell, Deva Ramanan,
et al. Activation reward models for few-shot model alignment.
arXiv preprint arXiv:2507.01368, 2025. 3

Wenhao Chai, Enxin Song, Yilun Du, Chenlin Meng, Vashisht

(16]

Madhavan, Omer Bar-Tal, Jeng-Neng Hwang, Saining Xie, [17]

and Christopher D Manning. Auroracap: Ef cient, perfor-
mant video detailed captioning and a new benchmark. arXiv
preprint arXiv:2410.03051, 2024. 3, 13, 15

Aaron Chatterji, Thomas Cunningham, David J Deming, Zoe

Hitzig, Christopher Ong, Carl Yan Shan, and Kevin Wadman. [18]

How people use chatgpt. Technical report, National Bureau
of Economic Research, 2025. 2,5
Aili Chen, Aonian Li, Bangwei Gong, Binyang Jiang, Bo Fei,

Bo Yang, Boji Shan, Changging Yu, Chao Wang, Cheng Zhu, [19]

et al. Minimax-m1: Scaling test-time compute ef ciently
with lightning attention. arXiv preprint arXiv:2506.13585,
2025. 3

Guibin Chen, Dixuan Lin, Jiangping Yang,
Lin, Juncheng Zhu, Mingyuan Fan, Hao Zhang, Sheng
Chen, Zheng Chen, Chengchen Ma, et al. Skyreels-
v2: In nite-length Im generative model. arXiv preprint
arXiv:2504.13074, 2025. 3, 7

Lin Chen, Xilin Wei, Jinsong Li, Xiaoyi Dong, Pan Zhang,
Yuhang Zang, Zehui Chen, Haodong Duan, Zhenyu Tang, Li
Yuan, et al. Sharegpt4video: Improving video understanding
and generation with better captions. Advances in Neural
Information Processing Systems, 37:19472-19495, 2025. 1,
2,3,7,13,14, 15

Tsai-Shien Chen, Aliaksandr Siarohin, Willi Menapace, Eka-
terina Deyneka, Hsiang-wei Chao, Byung Eun Jeon, Yuwei
Fang, Hsin-Ying Lee, Jian Ren, Ming-Hsuan Yang, et al.

Chunze [20]

[21]

[22]

Panda-70m: Captioning 70m videos with multiple cross- [23]

modality teachers. In Proceedings of the IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition, pages
13320-13331, 2024. 1, 2, 3

Yangyi Chen, Karan Sikka, Michael Cogswell, Heng Ji, and
Ajay Divakaran. Dress: Instructing large vision-language
models to align and interact with humans via natural lan-
guage feedback. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 14239—
14250, 2024. 3

4] Jang Hyun Cho, Andrea Madotto, Effrosyni Mavroudi, Tri-

antafyllos Afouras, Tushar Nagarajan, Muhammad Maaz,
Yale Song, Tengyu Ma, Shuming Hu, Hanoona Rasheed,
Peize Sun, Po-Yao Huang, Daniel Bolya, Suyog Jain, Miguel
Martin, Huiyu Wang, Vivian Lee, Andrew Westbury, Salman
Khan, Philipp Krahenbihl, Piotr Dollar, Lorenzo Torresani,
Kristen Grauman, and Christoph Feichtenhofer. Perceptionim:
Open-access data and models for detailed visual understand-
ing. arXiv preprint arXiv:2504.13180, 2025. Preprint. 2, 3,
7,13,15,16

Gheorghe Comanici, Eric Bieber, Mike Schaekermann, Ice
Pasupat, Noveen Sachdeva, Inderjit Dhillon, Marcel Blistein,
Ori Ram, Dan Zhang, Evan Rosen, et al. Gemini 2.5: Pushing
the frontier with advanced reasoning, multimodality, long con-
text, and next generation agentic capabilities. arXiv preprint
arXiv:2507.06261, 2025. 7, 36

Jisheng Dang, Yizhou Zhang, Hao Ye, Teng Wang, Sim-
ing Chen, Huicheng Zheng, Yulan Guo, Jianhuang Lai, and
Bin Hu. Synpo: Synergizing descriptiveness and preference
optimization for video detailed captioning. arXiv preprint
arXiv:2506.00835, 2025. 3, 7

Daniel Deutsch, George Foster, and Markus Freitag. Ties mat-
ter: Meta-evaluating modern metrics with pairwise accuracy
and tie calibration. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing, pages
12914-12929, 2023. 33, 36

Yipeng Du, Tiehan Fan, Kepan Nan, Rui Xie, Penghao Zhou,
Xiang Li, Jian Yang, Zhenheng Yang, and Ying Tai. Mo-
tionsight: Boosting ne-grained motion understanding in
multimodal llms. arXiv preprint arXiv:2506.01674, 2025. 7
Lijie Fan, Dilip Krishnan, Phillip Isola, Dina Katabi, and Yon-
glong Tian. Improving clip training with language rewrites.
Advances in Neural Information Processing Systems, 36:
35544-35575, 2023. 1

Brian Gordon, Yonatan Bitton, Andreea Marzoca, Yasumasa
Onoe, Xiao Wang, Daniel Cohen-Or, and Idan Szpektor. Un-
blocking ne-grained evaluation of detailed captions: An
explaining autorater and critic-and-revise pipeline. arXiv
preprint arXiv:2506.07631, 2025. 3, 6

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong Ma, Peiyi
Wang, Xiao Bi, et al. Deepseek-rl: Incentivizing reasoning
capability in llms via reinforcement learning. arXiv preprint
arXiv:2501.12948, 2025. 2, 3

Danna Gurari, Yinan Zhao, Meng Zhang, and Nilavra Bhat-
tacharya. Captioning images taken by people who are blind.
In European Conference on Computer Vision, pages 417-434.
Springer, 2020. 3, 4

Xuan Ju, Yiming Gao, Zhaoyang Zhang, Ziyang Yuan, Xintao
Wang, Ailing Zeng, Yu Xiong, Qiang Xu, and Ying Shan.



(24]

(25]

(26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

Miradata: A large-scale video dataset with long durations [36] Shihong Liu, Zhigiu Lin, Samuel Yu, Ryan Lee, Tiffany

and structured captions. Advances in Neural Information
Processing Systems, 37:48955-48970, 2024. 2, 3

Fanheng Kong, Jingyuan Zhang, Hongzhi Zhang, Shi Feng,
Daling Wang, Linhao Yu, Xingguang Ji, Yu Tian, Victoria
W., and Fuzheng Zhang. Tuna: Comprehensive ne-grained
temporal understanding evaluation on dense dynamic videos.
arXiv preprint arXiv:2505.20124, 2025. 3, 5, 6, 13, 15, 16

Ranjay Krishna, Kenji Hata, Frederic Ren, Li Fei-Fei, and [38]

Juan Carlos Niebles. Dense-captioning events in videos. In
Proceedings of the IEEE international conference on com-
puter vision, pages 706-715, 2017. 1, 3, 13, 14, 15

Yogesh Kulkarni and Pooyan Fazli. Videopasta: 7k preference
pairs that matter for video-llm alignment. arXiv preprint
arXiv:2504.14096, 2025. 7

Sicong Leng, Jing Wang, Jiaxi Li, Hao Zhang, Zhigiang Hu,
Bogiang Zhang, Yuming Jiang, Hang Zhang, Xin Li, Lidong
Bing, et al. Mmrl: Enhancing multimodal reasoning with

variance-aware sampling and open resources. arXiv preprint [40]

arXiv:2509.21268, 2025. 7

Baiqi Li, Zhigiu Lin, Deepak Pathak, Jiayao Li, Yixin Fei,
Kewen Wu, Xide Xia, Pengchuan Zhang, Graham Neubig,
and Deva Ramanan. Evaluating and improving compositional

text-to-visual generation. In Proceedings of the IEEE/CVF [41]

Conference on Computer Vision and Pattern Recognition,
pages 5290-5301, 2024. 3, 33

Baiqi Li, Zhigiu Lin, Wenxuan Peng, Jean de Dieu Nyandwi,
Daniel Jiang, Zixian Ma, Simran Khanuja, Ranjay Krishna,
Graham Neubig, and Deva Ramanan. Naturalbench: Evalu-
ating vision-language models on natural adversarial samples.
In The Thirty-eight Conference on Neural Information Pro-

cessing Systems Datasets and Benchmarks Track, 2024. 34[43]

Pengxiang Li, Zhi Gao, Bofei Zhang, Tao Yuan, Yuwei Wu,
Mehrtash Harandi, Yunde Jia, Song-Chun Zhu, and Qing Li.
Fire: A dataset for feedback integration and re nement evalu-
ation of multimodal models. Advances in Neural Information
Processing Systems, 37:101618-101640, 2024. 3

Long Lian, Yifan Ding, Yunhao Ge, Sifei Liu, Hanzi Mao,
Boyi Li, Marco Pavone, Ming-Yu Liu, Trevor Darrell, Adam
Yala, et al. Describe anything: Detailed localized image and
video captioning. arXiv preprint arXiv:2504.16072, 2025. 3
Zhiqiu Lin, Samuel Yu, Zhiyi Kuang, Deepak Pathak, and
Deva Ramanan. Multimodality helps unimodality: Cross-
modal few-shot learning with multimodal models, 2023. 3
Zhiqgiu Lin, Xinyue Chen, Deepak Pathak, Pengchuan Zhang,
and Deva Ramanan. Revisiting the role of language priors in

vision-language models. arXiv preprint arXiv:2306.01879, [46]

2024. 3

Zhigiu Lin, Deepak Pathak, Baiqi Li, Jiayao Li, Xide Xia,
Graham Neubig, Pengchuan Zhang, and Deva Ramanan. Eval-
uating text-to-visual generation with image-to-text generation.
arXiv preprint arXiv:2404.01291, 2024. 8, 33

Zhigiu Lin, Siyuan Cen, Daniel Jiang, Jay Karhade, Hewei [47]

Wang, Chancharik Mitra, Yu Tong Tiffany Ling, Yuhan

Huang, Sifan Liu, Mingyu Chen, Rushikesh Zawar, Xue Bai, [48]

Yilun Du, Chuang Gan, and Deva Ramanan. Towards un-
derstanding camera motions in any video. 2025. 1, 3, 4, 16,
18

(37]

(39]

[42]

[45]

Ling, Deepak Pathak, and Deva Ramanan. Language models
as black-box optimizers for vision-language models. arXiv
preprint arXiv:2309.05950, 2023. 3

Zijun Liu, Peiyi Wang, Runxin Xu, Shirong Ma, Chong Ruan,
Peng Li, Yang Liu, and Yu Wu. Inference-time scaling for
generalist reward modeling. arXiv preprint arXiv:2504.02495,
2025. 3

Zhihang Liu, Chen-Wei Xie, Bin Wen, Feiwu Yu, Jixuan
Chen, Bogiang Zhang, Nianzu Yang, Pandeng Li, Yinglu Li,
Zuan Gao, et al. What is a good caption? a comprehensive
visual caption benchmark for evaluating both correctness and
thoroughness. arXiv preprint arXiv:2502.14914, 2025. 1
Ziyang Ma, Ruiyang Xu, Zhenghao Xing, Yunfei Chu, Yux-
uan Wang, Jinzheng He, Jin Xu, Pheng-Ann Heng, Kai Yu,
Junyang Lin, et al. Omni-captioner: Data pipeline, models,
and benchmark for omni detailed perception. arXiv preprint
arXiv:2510.12720, 2025. 3,7

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler Hal-
linan, Luyu Gao, Sarah Wiegreffe, Uri Alon, Nouha Dziri,
Shrimai Prabhumoye, Yiming Yang, et al. Self-re ne: It-
erative re nement with self-feedback. Advances in Neural
Information Processing Systems, 36:46534-46594, 2023. 3
Martin Maier and Rasha Abdel Rahman. Native language pro-
motes access to visual consciousness. Psychological Science,
29(11):1757-1772,2018. 1

Nat McAleese, Rai Michael Pokorny, Juan Felipe Ceron
Uribe, Evgenia Nitishinskaya, Maja Trebacz, and Jan
Leike. Llm critics help catch Ilm bugs. arXiv preprint
arXiv:2407.00215, 2024. 3,6

Desen Meng, Rui Huang, Zhilin Dai, Xinhao Li, Yifan Xu,
Jun Zhang, Zhenpeng Huang, Meng Zhang, Lingshu Zhang,
Yi Liu, etal. Videocap-rl: Enhancing mlims for video caption-
ing via structured thinking. arXiv preprint arXiv:2506.01725,
2025. 1, 3,7

Chancharik Mitra, Brandon Huang, Tianning Chai, Zhiqiu
Lin, Assaf Arbelle, Rogerio Feris, Leonid Karlinsky, Trevor
Darrell, Deva Ramanan, and Roei Herzig. Enhancing few-
shot vision-language classi cation with large multimodal
model features. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pages 2760-2772,
2025. 3

Eduardo Navarrete, Michele Miozzo, and Francesca Peres-
sotti. Language can shape the perception of oriented objects.
Scienti c reports, 10(1):8409, 2020. 1

Yasumasa Onoe, Sunayana Rane, Zachary Berger, Yonatan
Bitton, Jaemin Cho, Roopal Garg, Alexander Ku, Zarana
Parekh, Jordi Pont-Tuset, Garrett Tanzer, et al. Docci: De-
scriptions of connected and contrasting images. In European
Conference on Computer Vision, pages 291-309. Springer,
2024. 1

OpenAl. Gpt-4 technical report.
arXiv:2303.08774, 2023. 7, 36

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Car-
roll Wainwright, Pamela Mishkin, Chong Zhang, Sandhini
Agarwal, Katarina Slama, Alex Ray, et al. Training language
models to follow instructions with human feedback. Advances

arXiv preprint



[49]

[50]

(51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

in Neural Information Processing Systems, 35:27730-27744,
2022. 2

Shubham Parashar, Zhigiu Lin, Tian Liu, Xiangjue Dong, [60]

Yanan Li, Deva Ramanan, James Caverlee, and Shu Kong.
The neglected tails of vision-language models. arXiv preprint
arXiv:2401.12425, 2024. 3

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D

Manning, Stefano Ermon, and Chelsea Finn. Direct prefer- [61]

ence optimization: Your language model is secretly a reward
model. Advances in neural information processing systems,
36:53728-53741, 2023. 2, 3,6

William Saunders, Catherine Yeh, Jeff Wu, Steven Bills,

Long Ouyang, Jonathan Ward, and Jan Leike. Self-critiquing [62]

models for assisting human evaluators. arXiv preprint
arXiv:2206.05802, 2022. 2, 3,5, 7, 8, 28, 29, 30

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Rad-
ford, and Oleg Klimov. Proximal policy optimization algo-
rithms. arXiv e-prints, abs/1707.06347, 2024. 3

Tomas Soucek and Jakub Lokoc. Transnet v2: An effective
deep network architecture for fast shot transition detection.

In Proceedings of the 32nd ACM International Conference [64]

on Multimedia, pages 11218-11221, 2024. 40

Raymond Spottiswoode. A grammar of the Im: An analysis
of Im technique. Univ of California Press, 1969. 1, 4

Abigale Stangl, Nitin Verma, Kenneth R Fleischmann, Mered- [65]

ith Ringel Morris, and Danna Gurari. Going beyond one-size-
ts-all image descriptions to satisfy the information wants

of people who are blind or have low vision. In Proceedings
of the 23rd international ACM SIGACCESS conference on
computers and accessibility, pages 1-15, 2021. 3

Changli Tang, Yixuan Li, Yudong Yang, Jimin Zhuang,

Guangzhi Sun, Wei Li, Zejun Ma, and Chao Zhang. video- [67]

salmonn 2: Captioning-enhanced audio-visual large language
models. arXiv preprint arXiv:2506.15220, 2025. 3, 7

Granite Vision Team, Leonid Karlinsky, Assaf Arbelle, Abra-
ham Daniels, Ahmed Nassar, Amit Alfassi, Bo Wu, Eli
Schwartz, Dhiraj Joshi, Jovana Kondic, et al. Granite vision:
a lightweight, open-source multimodal model for enterprise
intelligence. arXiv preprint arXiv:2502.09927, 2025. 7

Team Wan, Ang Wang, Baole Ai, Bin Wen, Chaojie Mao,
Chen-Wei Xie, Di Chen, Feiwu Yu, Haiming Zhao, Jianx-

iao Yang, Jianyuan Zeng, Jiayu Wang, Jingfeng Zhang, Jin-[69]

gren Zhou, Jinkai Wang, Jixuan Chen, Kai Zhu, Kang Zhao,
Keyu Yan, Lianghua Huang, Mengyang Feng, Ningyi Zhang,
Pandeng Li, Pingyu Wu, Ruihang Chu, Ruili Feng, Shiwei

Zhang, Siyang Sun, Tao Fang, Tianxing Wang, Tianyi Gui, [70]

Tingyu Weng, Tong Shen, Wei Lin, Wei Wang, Wei Wang,
Wenmeng Zhou, Wente Wang, Wenting Shen, Wenyuan Yu,
Xianzhong Shi, Xiaoming Huang, Xin Xu, Yan Kou, Yangyu
Lv, Yifei Li, Yijing Liu, Yiming Wang, Yingya Zhang, VYi-
tong Huang, Yong Li, You Wu, Yu Liu, Yulin Pan, Yun
Zheng, Yuntao Hong, Yupeng Shi, Yutong Feng, Zeyinzi
Jiang, Zhen Han, Zhi-Fan Wu, and Ziyu Liu. Wan: Open and
advanced large-scale video generative models. arXiv preprint
arXiv:2503.20314, 2025. 3, 8

Jiawei Wang, Liping Yuan, Yuchen Zhang, and Haomiao [72]

Sun. Tarsier: Recipes for training and evaluating large video

(63]

[66]

[68]

(71]

description models. arXiv preprint arXiv:2407.00634, 2024.
1,3,6,13,15,16

Jiahao Wang, Yufeng Yuan, Rujie Zheng, Youtian Lin, Jian
Gao, Lin-Zhuo Chen, Yajie Bao, Yi Zhang, Chang Zeng,
Yanxi Zhou, et al. Spatialvid: A large-scale video dataset
with spatial annotations. arXiv preprint arXiv:2509.09676,
2025. 2

Weiyun Wang, Zhangwei Gao, Lixin Gu, Hengjun Pu, Long
Cui, Xingguang Wei, Zhaoyang Liu, Linglin Jing, Shenglong
Ye, Jie Shao, et al. Internvi3. 5: Advancing open-source
multimodal models in versatility, reasoning, and ef ciency.
arXiv preprint arXiv:2508.18265, 2025. 7

Xiyao Wang, Zhengyuan Yang, Chao Feng, Hongjin Lu, Lin-
jie Li, Chung-Ching Lin, Kevin Lin, Furong Huang, and
Lijuan Wang. Sota with less: Mcts-guided sample selection
for data-ef cient visual reasoning self-improvement. arXiv
preprint arXiv:2504.07934, 2025. 3

Yubo Wang, Xiang Yue, and Wenhu Chen. Critique ne-
tuning: Learning to critique is more effective than learning to
imitate. arXiv preprint arXiv:2501.17703, 2025. 3

Yana Wei, Liang Zhao, Kangheng Lin, En Yu, Yuang Peng,
Runpei Dong, Jianjian Sun, Haoran Wei, Zheng Ge, Xi-
angyu Zhang, et al. Perception in re ection. arXiv preprint
arXiv:2504.07165, 2025. 3

Jonathan Winawer, Nathan Witthoft, Michael C Frank, Lisa
Wu, Alex R Wade, and Lera Boroditsky. Russian blues reveal
effects of language on color discrimination. Proceedings of
the national academy of sciences, 104(19):7780-7785, 2007.

Ludwig Wittgenstein. Tractatus logico-philosophicus. 1922.
1

Peiran Wu, Yunze Liu, Zhengdong Zhu, Enmin Zhou, and
Shawn Shen. Ugc-videocaptioner: An omni ugc video de-
tail caption model and new benchmarks. arXiv preprint
arXiv:2507.11336, 2025. 3

Xueging Wu, Yuheng Ding, Bingxuan Li, Pan Lu, Da Yin,
Kai-Wei Chang, and Nanyun Peng. Visco: Benchmarking
ne-grained critique and correction towards self-improvement
in visual reasoning. In Proceedings of the Computer Vision
and Pattern Recognition Conference, pages 9527-9537, 2025.
3

Jun Xu, Tao Mei, Ting Yao, and Yong Rui. Msr-vit: A large
video description dataset for bridging video and language. In
Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 5288-5296, 2016. 1, 3, 13, 14, 15
Zhucun Xue, Jiangning Zhang, Teng Hu, Haoyang He,
Yinan Chen, Yuxuan Cai, Yabiao Wang, Chengjie Wang,
Yong Liu, Xiangtai Li, et al. Ultravideo: High-quality uhd
video dataset with comprehensive captions. arXiv preprint
arXiv:2506.13691, 2025. 2, 3, 13, 14, 15

Ziang Yan, Xinhao Li, Yinan He, Zhengrong Yue, Xiangyu
Zeng, Yali Wang, Yu Qiao, Limin Wang, and Yi Wang.
Videochat-rl. 5: Visual test-time scaling to reinforce mul-
timodal reasoning by iterative perception. arXiv preprint
arXiv:2509.21100, 2025. 7

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan
Hui, Bo Zheng, Bowen Yu, Chang Gao, Chengen Huang,



(73]

[74]

[75]

[76]

[77]

(78]

[79]

(80]

(81]

(82]

Chenxu Lv, Chujie Zheng, Dayiheng Liu, Fan Zhou, Fei
Huang, Feng Hu, Hao Ge, Haoran Wei, Huan Lin, Jialong
Tang, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin Yang,
Jiaxi Yang, Jing Zhou, Jingren Zhou, Junyang Lin, Kai Dang,
Kegin Bao, Kexin Yang, Le Yu, Lianghao Deng, Mei Li,
Mingfeng Xue, Mingze Li, Pei Zhang, Peng Wang, Qin Zhu,
Rui Men, Ruize Gao, Shixuan Liu, Shuang Luo, Tianhao
Li, Tianyi Tang, Wenbiao Yin, Xingzhang Ren, Xinyu Wang,
Xinyu Zhang, Xuancheng Ren, Yang Fan, Yang Su, Yichang
Zhang, Yinger Zhang, Yu Wan, Yugiong Liu, Zekun Wang,
Zeyu Cui, Zhenru Zhang, Zhipeng Zhou, and Zihan Qiu.
Qwena3 technical report. arXiv preprint arXiv:2505.09388,
2025. 7, 36

Biao Yang, Bin Wen, Boyang Ding, Changyi Liu, Chenglong
Chu, Chengru Song, Chongling Rao, Chuan Yi, Da Li, Dunju
Zang, et al. Kwai keye-vl 1.5 technical report. arXiv preprint
arXiv:2509.01563, 2025. 3

Dongjie Yang, Suyuan Huang, Chenggiang Lu, Xiaodong
Han, Haoxin Zhang, Yan Gao, Yao Hu, and Hai Zhao. Vript:
A video is worth thousands of words. Advances in Neural
Information Processing Systems, 37:57240-57261, 2024. 3
Michihiro Yasunaga, Luke Zettlemoyer, and Marjan
Ghazvininejad. Multimodal rewardbench: Holistic evalu-
ation of reward models for vision language models. arXiv
preprint arXiv:2502.14191, 2025. 3

Hanrong Ye, Chao-Han Huck Yang, Arushi Goel, Wei Huang,
Ligeng Zhu, Yuanhang Su, Sean Lin, An-Chieh Cheng, Zhen
Wan, Jinchuan Tian, et al. Omnivinci: Enhancing architecture
and data for omni-modal understanding llm. arXiv preprint
arXiv:2510.15870, 2025. 7

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xi-
aochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan, Gaohong Liu,
Lingjun Liu, et al. Dapo: An open-source llm reinforcement
learning system at scale. arXiv preprint arXiv:2503.14476,
2025. 3

Tianyu Yu, Yuan Yao, Haoye Zhang, Taiwen He, Yifeng Han,
Ganqu Cui, Jinyi Hu, Zhiyuan Liu, Hai-Tao Zheng, Maosong
Sun, et al. RIhf-v: Towards trustworthy mllms via behavior
alignment from ne-grained correctional human feedback.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 13807-13816, 2024.
2,8

Tianshu Yu, Ting-En Lin, Yuchuan Wu, Min Yang, Fei Huang,
and Yongbin Li. Diverse ai feedback for large language model
alignment. Transactions of the Association for Computational
Linguistics, 13:392-407, 2025. 3

Yue Yu, Zhengxing Chen, Aston Zhang, Liang Tan, Chen-
guang Zhu, Richard Yuanzhe Pang, Yundi Qian, Xuewei
Wang, Suchin Gururangan, Chao Zhang, et al. Self-generated
critiques boost reward modeling for language models. arXiv
preprint arXiv:2411.16646, 2024. 3

Andy Zeng, Maria Attarian, Brian Ichter, Krzysztof Choro-
manski, Adrian Wong, Stefan Welker, Federico Tombari,
Aveek Purohit, Michael Ryoo, Vikas Sindhwani, et al. So-
cratic models: Composing zero-shot multimodal reasoning
with language. arXiv preprint arXiv:2204.00598, 2022. 17
Di Zhang, Jingdi Lei, Junxian Li, Xunzhi Wang, Yujie Liu,
Zonglin Yang, Jiatong Li, Weida Wang, Suorong Yang, Jianbo

(83]

(84]

(85]

(86]

(87]

Wu, et al. Critic-v: VIm critics help catch vim errors in
multimodal reasoning. In Proceedings of the Computer Vision
and Pattern Recognition Conference, pages 9050-9061, 2025.
3

Ruohong Zhang, Liangke Gui, Zhiging Sun, Yihao Feng,
Keyang Xu, Yuanhan Zhang, Di Fu, Chunyuan Li, Alexander
Hauptmann, Yonatan Bisk, et al. Direct preference optimiza-
tion of video large multimodal models from language model
reward. arXiv preprint arXiv:2404.01258, 2024. 3

Shi-Xue Zhang, Hongfa Wang, Duojun Huang, Xin Li, Xi-
aobin Zhu, and Xu-Cheng Yin. Vcapsbench: A large-scale
ne-grained benchmark for video caption quality evaluation.
arXiv preprint arXiv:2505.23484, 2025. 3

Yi-Fan Zhang, Tao Yu, Haochen Tian, Chaoyou Fu, Peiyan Li,
Jianshu Zeng, Wulin Xie, Yang Shi, Huanyu Zhang, Junkang
Wu, et al. Mm-rlhf: The next step forward in multimodal llm
alignment. arXiv preprint arXiv:2502.10391, 2025. 2, 7, 8,
28, 29, 32

Xiangyu Zhao, Shengyuan Ding, Zicheng Zhang, Haian
Huang, Maosong Cao, Weiyun Wang, Jiagi Wang, Xinyu
Fang, Wenhai Wang, Guangtao Zhai, et al. Omnialign-v: To-
wards enhanced alignment of mlims with human preference.
arXiv preprint arXiv:2502.18411, 2025. 3

Chunlin Zhong, Qiuxia Hou, Zhangjun Zhou, Shuang Hao,
Haonan Lu, Yanhao Zhang, He Tang, and Xiang Bai. Owlcap:
Harmonizing motion-detail for video captioning via hmd-
270k and caption set equivalence reward. arXiv preprint
arXiv:2508.18634, 2025. 7



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

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

Outline « (1) Imprecise terminology. For example, the caption may
misuse terms for visual effects.
Below is the outline of the supplement: * (2) Missing information. For example, the caption may
« Section A provides a detailed error analysis of prior ~OMit motion or spatial details.
datasets and crowdsourced annotations. * (3) S.ubjective desc_riptior_ms. For example, the caption
« Section B presents our full speci cation, including creator ~ May introduce emotional interpretations.
demographics and captioning policy. Issue: lack of oversight. Curating long, detailed video

« Section C details our complete oversight pipeline, includ- descriptions is inherently demanding and error-prone. With-
ing annotator screening, training, platform design, and out proper oversight, both humans and models can produce
promotion criteria. captions with errors that go unchecked:

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

e 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 | 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.

* (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,
A. Error Analysis of Prior Datasets where expert-labeled primitives are provided to Gemini-2.5-

We worked with our top-performing annotators to man- Pro or Qwen-2.5-VL-72B for converting int.o more a_ccurate
ually evaluate eight widely used video—text datasets andc@ptions; and (3) ours: the nal human-revised version used
benchmarks released between 2016 and 2025: MsRIor training and evaluation after a second-stage quality check.
VTT [69], ActivityNet [25], Dream1K p9], VDC [7], Ul- Human rating rubrics. We apply the same Likert-scale
traVideo [70], ShareGPT4Videol[1], TUNA-Bench 4], rating policy across all datasets for the ve aspects we cov-
and PerceptionLM 14]. Through this human study, we ered. In addition, we report an Overall rating that summa-
identify major issues supported by quantitative results andfizes the coverage and accuracy across all aspects, except
visual examples. We begin with a summary of the main for MSR-VTT and ActivityNet Captions, which focus solely
issues, followed by detailed analyses for each dataset an@n human activities. However, scores across datasets are not
recommendations for improving future dataset curation. ~ directly comparable because the video distributions, caption

Issues in prior datasets. Without clear speci cation detail levels, and covered aspects differ:
and proper oversight, video—text datasets often end up with 5. Completely correct; no changes needed.
captions that are inconsistent, incomplete, or even incor- 4. Excellent, with only minor adjustments required (e.g.,
rect. When there is no clear speci cation, annotators are un-  a few inaccurate, missing, or hallucinated words).
sure what to describe or how much detail to include. When Roughly one sentence may need addition, modi cation,
there is no oversight, these mistakes remain uncorrected and  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—Al 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 fo20k
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 § 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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