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Abstract. Deep-sea mining video is scarce, and low illumination, sediment plumes, and moving equipment
challenge visual monitoring. We evaluated four text-to-video systems on six VBench dimensions, first in an
archived 300-video system-level comparison and then in a 240-video extension crossing four prompt conditions,
five scenarios, and three requested seeds. Within-system prompt contrasts varied by metric; detailed or negatively
constrained prompts did not consistently raise VBench scores. All 15 Wan pairs generated with and without a
negative-prompt request had pixel-identical decoded frames, leaving that contrast uninformative for this service.
In a separate 60-video review with system identities masked, three raters’ majority labels identified at least one
domain violation in 37 clips (61.7%; descriptive Wilson 95% interval, 49.0-72.9%); agreement differed by
criterion. These results support VBench scoring and domain-rule review as complementary first-stage screens,
while physical fidelity and downstream utility remain to be tested.
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1 Introduction

Deep-sea mining has attracted increasing attention as a means of exploiting polymetallic nodules and other
seabed mineral resources, although its environmental impacts and associated knowledge gaps remain under
debate [1]. During mining operations, seabed vehicles, collection mechanisms, soft sediments, suspended
particles, and discharged tailings interact in a highly coupled environment [2, 3]. These interactions may cause
crawler sinkage, sediment resuspension, plume dispersion, visual occlusion, and unstable artificial illumination,
thereby creating substantial challenges for visual monitoring and perception in deep-sea mining systems [4].

Visual data for mining-system development are difficult to acquire: sea trials are costly, operational windows are
limited, visibility is poor, and annotation is labor-intensive [5, 6]. Dense plumes, equipment occlusion, and
abnormal interactions may be sparsely represented in recorded footage. Synthetic generation offers a way to
construct controlled examples of these conditions [7].

These conditions motivate prompts that specify viewpoint, lighting, material interactions, and temporal evolution.
Underwater datasets and physics-based simulators address complementary aspects of the problem [8, 9]; text-to-
video (T2V) and image-to-video (I12V) generation offer an additional source of controlled visual examples.

We examine how prompt structure affects four T2V systems in five mining-relevant scenarios. The study
combines an archived system-level comparison with a controlled-prompt extension and repeated requests, reports
six VBench metrics, and evaluates domain-rule compliance in a system-masked subset. Its central question is
whether prompt changes consistently raise the measured scores under the tested configurations. The resulting
evidence supports first-stage selection and screening of candidate videos; operational transfer and plume-physics
validation require different reference data and endpoints.
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2 Related Work

2.1 Deep-sea mining visual monitoring and underwater synthetic data

Underwater optical imaging is affected by absorption, scattering, wavelength-dependent attenuation, and
backscatter, which can reduce contrast and detail [6, 10]. Image-enhancement and object-detection datasets,
synthetic-image datasets, and simulators support underwater perception research [8, 11, 12, 13,9, 14, 15].
Prompt-generated video adds controllable temporal scenarios to this landscape. Its visual screening, physical
calibration, and contribution to perception training are distinct evaluation stages.

2.2 Video generative models and prompt engineering

T2V and 12V models offer a flexible means of synthesizing rare and controllable visual conditions without
constructing complete physical simulation environments [16, 17, 18, 19, 20]. Video generation must nevertheless
preserve spatial fidelity, temporal coherence, object consistency, motion continuity, and text—video alignment, all
of which remain central challenges for diffusion-based video generation [21, 18]. These requirements are more
stringent in engineering applications, where generated videos must satisfy physical and operational constraints in
addition to visual-quality criteria. CogVideoX, Wan, Mochi-1, and closed-source commercial systems differ in
accessibility, context length, deployment cost, inference interface, and prompt-processing behavior [19, 20, 22,
23]. Prompt engineering is therefore important for translating deep-sea mining constraints into generation
instructions [24]. Long prompts can provide rich environmental and physical detail but may introduce
redundancy; model-adapted prompts can emphasize core actions and state evolution but may omit useful
contextual cues. Studies of long-context language models also suggest that outputs can be sensitive to the
position of relevant information, motivating an analysis of prompt-position sensitivity in video generation [25,
26].

2.3 Evaluation of generated videos and research gap

Generated videos require spatial and temporal evaluation. VBench measures subject and background consistency,
motion smoothness, dynamic degree, aesthetic quality, and imaging quality [27]; complementary benchmarks
examine content alignment, spatial relationships, actions, and interactions [28, 29, 30, 31]. A clip can score well
on general metrics yet depict sunlight, an external camera, or irrelevant objects in a deep-sea scene. We therefore
report VBench scores and domain-rule judgments separately [32]. Shared prompts and repeated requests test
metric sensitivity in the extension; independent ratings assess rule compliance only in an archived subset.

3 Materials and Methods

The experiments addressed three questions: how four configured T2V systems scored on general video-quality
metrics; how shared, detailed, negative-constrained, and model-adapted prompts changed those scores within
each system; and how often archived videos breached prespecified visual-monitoring rules. The scenarios
covered camera viewpoint, illumination, sediment resuspension, plumes, and equipment—seabed interactions.

3.1 Experimental tools and environment

The archived 300-video comparison used two API systems and two locally deployed systems; complete historical
service and checkpoint revisions were not recoverable. The 240-video extension has separate generation records
for every clip. Jimeng used the jimeng_t2v_v30 interface, Wan used wanx2.1-t2v-plus, Mochi used a local
mochi-1-preview Diffusers directory, and CogVideoX used the kijai/CogVideoX-5b-1.5-T2V ComfyUI
workflow. Interface names identify requests, not immutable weight revisions; the two local installations also lack
captured immutable checkpoint revisions. Both local systems ran on NVIDIA H20 servers, and the new VBench
evaluation ran on an RTX 4090 server.
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Table 1. Recorded settings for the controlled-prompt extension.

System Access Recorded request or inference settings Unavailable detail

Jimeng Video API jimeng_t2v_v30; 121 requested frames; 16:9; seeds Served weight revision, sampling steps,
3.0 20260901-20260903 guidance, and server-side processing
Wan 2.1 T2V API wanx2.1-t2v-plus; 1280X720; requested 5 s; prompt Served weight revision, sampling steps,
Plus expansion off; seeds 20260901-20260903 guidance, and server-side processing
Mochi 1 Local X480; 80 frames at 16 fps; 50 steps; guidance 4.5; same Immutable checkpoint revision
Preview three seed labels

CogVideoX 1.5 Local X768; 81 frames at 16 fps; 50 steps; guidance 6.0; Immutable checkpoint revision

5B CogVideoXDDIM; same three seed labels

An MP4-header audit of all 240 extension outputs found one specification per system: Jimeng, 1248x704 at 24
fps with 121 decoded frames; Wan, 1280x720 at 30 fps with 161 frames; Mochi, 848x480 at 16 fps with 79
frames; and CogVideoX, 1400x792 at 16 fps with 81 frames. Thus, Mochi decoded one frame fewer than the 80
requested, and CogVideoX’s encoded resolution differed from the 1360x768 workflow setting. Per-file
properties are supplied in controlled_media_inventory_240.csv; requested settings are not substituted
for observed file specifications.

The saved local environment records identify Mochi’s Diffusers version as 0.40.0 and the SHA-256 of its
model _index. json; they identify the CogVideoX ComfyUI and wrapper commits as ab885b33 and
8d6e53b5, respectively. These identify the software environment and model configuration, but not immutable
hashes of all weight tensors.

3.2 Experimental scenarios and variable design

The original prompt library indexed five scenarios, five style codes, and three numbered variants per scenario—
style combination. The variant indices were not passed as distinct focus instructions in the located generation
script. Let S, C, and R denote these three index sets. The library contained

|P75] = |S]|C]|R] =5%5x%x3=75. (D)
This indexing provided scenario coverage and prompt diversity. Across four systems, the baseline comprised
Npase = | M| |P] =4 x 75 = 300, (2)

where M denotes the evaluated systems. These are video outputs rather than unique prompt texts: the API
systems shared a 75-record library, while the two local systems each used 75 records from a separate 225-record
specialist library. The unused specialist records do not represent additional videos.

The archived Jimeng and Wan generation scripts point to deepsea_prompts_75. json; its texts match the
saved VBench mappings. For Mochi and CogVideoX, the M- and X-prefixed records in
deepsea_prompts_specialized_225. json match their mappings. Both files predate the corresponding
videos. Original local-model generation commands were not recovered, so their exact generation-time inputs
remain less certain than their evaluation-time mappings.

Five operating conditions were considered. S1, Hydrothermal Vent Approach, used a forward-facing main-
camera perspective and emphasized extremely low visibility and turbulent hydrothermal plumes. S2, Soft-Clay
Seabed Traversal, used a chassis-monitoring perspective and focused on crawler sinkage, shear failure, and
sediment suspension [33]. S3, Polymetallic Nodule Collection, used a close-up view of the bucket suction head
and represented interactions among the collection mechanism, sediment, and gravel. S4, Biological-Community
Interference, used a partially obstructed camera perspective to represent occlusion caused by aggregating
phototactic organisms. S5, Tailings-Discharge Monitoring, used a rear-facing monitoring perspective and focused
on the dispersion of high-concentration mud plumes discharged from tailings pipes [3, 34, 35].

The style codes represent prompt-construction conventions coupled to the evaluated systems. Scenario
descriptions and archived prompt texts, rather than inferred variant meanings, define the baseline inputs.
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The archived prompts were audited for internal inconsistencies. In the prespecified 60-video re-rating subset, one
English prompt contains an unintended Chinese token, two positive prompts mention surface lighting, and 15
CogVideoX prompts specify a nominal 10-s timeline for clips approximately 6.1 s long. These inputs were
retained and linked to their outputs so that the audit reflects the videos actually generated.

Representative prompt examples and word-order prompt variants are provided in the Electronic Supplementary
Material.

3.3 Archived dual-track prompt implementation

3.3.1 Overview of prompt-generation strategies

An LLM-assisted workflow constructed scene descriptions containing camera, sediment, plume, and lighting
constraints [24]. Archived scripts name qwen-plus, doubao-seed-1-6-, and hunyuan-pro; the saved texts
define the evaluated inputs.

3.3.2 Perspective constraints and hallucination suppression

The prompts requested a restricted onboard camera field of view and excluded external views, complete vehicle
bodies, sunlight, sky, the water surface, shallow-water vegetation, and land. Negative text also named watermarks
and severe distortions. These were generation instructions, not guarantees of output compliance.

3.3.3 Video-generation models and dual-track adaptation

The archived experiment used long structured prompts for API-accessed Jimeng-V3 [23] and Wan-2.1 [20].
Jimeng-V3 is the reported service label; the new run records the provider’s jimeng_t2v_v30 720P text-to-
video request identifier, not a publicly fixed weight revision. It used model-adapted prompts for locally deployed
Mochi-1 [22] and CogVideoX-1.5 [19]. Track assignment followed the original workflow and was not
randomized.

For the API-accessed track, Jimeng-V3 used a rendering-oriented template comprising quality tags, camera
parameters, lighting settings, and detailed scenario descriptions, whereas Wan-2.1 used a documentary-
monitoring template emphasizing objective scene descriptions, texture, and noncinematic constraints. For the
locally deployed track, Mochi-1 used a motion-consistency template that highlighted core actions, spatial
relationships, and continuous motion, while CogVideoX-1.5 used a temporal-coherence template focused on state
evolution and core background constraints.

Here, “model-adapted” denotes restructuring around motion and state evolution, not necessarily fewer words.
Because prompt track and system identity were coupled, the archived comparison is a system-level benchmark.

The archived workflow comprised five phases; the controlled extension was conducted separately:
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ARCHIVED SYSTEM-LEVEL STUDY

Saved prompt libraries Coupled prompt + model 300 T2V outputs
75 records per system + deployment configuration 75 per reported system

ARCHIVED EVALUATIONS

VBench: six dimensions Wan word-order variants Exploratory 12V
300 baseline outputs 15 prompts x 3 = 45 outputs 10 unpaired outputs

CONTROLLED EXTENSION

Shared prompt IDs Four reported systems 240 outputs
5 scenarios x 4 conditions 3 requested repeats each VBench + prompt contrasts

Figure 1. Study design. The archived baseline compares configured model-prompt—deployment systems; the
controlled extension uses shared prompt IDs and repeated generation. The archived 12V outputs are exploratory
and unpaired.

Phase 1—Prompt construction and dual-track adaptation. The archived API library contains 75 ID—text records;
the two local libraries contain 75 each. Their saved evaluation mappings were checked. The new controlled
library was frozen separately and linked to individual generation requests.

Phase 2—Generation: The API-library records were associated with Jimeng-V3 and Wan-2.1; the adapted
libraries were associated with Mochi-1 and CogVideoX-1.5. The archive contains 75 baseline videos per system,
or 300 total (Eq. (2)).

Phase 3—VBench evaluation: VBench was used to evaluate all 300 baseline videos. Six dimensions were
recorded: subject consistency, background consistency, motion smoothness, dynamic degree, aesthetic quality,
and imaging quality. Imaging-quality values were divided by 100 so that all reported dimensions were on a [0,1]
scale. Bar charts and box plots summarize system-level means and prompt-level score distributions [27, 29, 30].

Phase 4—Word-order experiment: Fifteen indexed prompts spanning five scenarios were selected for a Wan-only
test. Three word-order variants were constructed for each prompt while retaining core semantic content,
producing Nyrger = 15 X 3 = 45 videos.

Variant 1 (Action-First) placed physical actions and events before environmental and lighting descriptions.
Variant 2 (Environment-First) placed the deep-sea environment and lighting before the core actions. Variant 3
(Scattered-Integration) combined quality, camera, lighting, and action descriptions in continuous natural-
language sentences. The videos were evaluated with the same VBench metrics, and between-variant differences
were analyzed descriptively.

Phase 5—Exploratory 12V material: Ten archived 12V outputs used reference images and text. The surviving
script names wan2.6-1i2v-flash, but the execution-time API response is missing. Their content is not a
verified homogeneous S1 set, and no paired T2V comparison is retained.
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Figure 2. Archived reference frames used for exploratory image-to-video testing, their S1 scenario labels are not
independently verified.
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Figure 3. Representative thumbnails of image-to-video generated samples.

3.4 Data recording and processing

Each extension video has a generation sidecar recording its task ID, scenario, condition, repeat, requested seed,
prompt text, model request, provider task ID when available, and SHA-256. Filename links the sidecar to six per-
video VBench scores. The data schema is

D; = {task ID, scenario, condition, model, seed,
request, video SHA-256, six scores}.

The new records were grouped by system, prompt condition, and scenario for descriptive analysis. The historical
baseline has less complete generation-side documentation. Archival tables and the 240-row machine-readable
extension table accompany this revision.

3.5 Controlled-prompt and repeated-seed extension

The extension crossed four systems, five scenarios, four prompt conditions, and three requested seeds
(20260901-20260903), yielding 4 X 5 X 4 X 3 = 240 videos. P1 was short; P2 used the same detailed positive
text across systems; P3 added fixed exclusions to P2; and P4 combined model-adapted positive text with those
exclusions. The numeric seed was a within-system repeat identifier, not a shared latent sample across
architectures. Jimeng received exclusions appended to its prompt, whereas Wan and the local workflows used
separate negative-conditioning fields. Thus, P3 is comparable as a requested constraint but not as an identical
implementation across services.

Let x5 be the normalized VBench score for system m, condition c, scenario s, repeat r, and dimension d.
We summarize each scenario—condition cell over its three generated videos and then average equally across the
five scenarios:

v 1%
Xmesd = §Z Xmesrd » Xmed = 52 Xmesd - 3)
r=1 s=1

For a within-system contrast, the descriptive paired mean difference is
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5 3
—c' 1
Agfl,dc ) = 1_52 Z(xmcsrd - xmc’srd) . 4)
s=1r=1

To separate repeat-to-repeat variation from scenario variation, we computed the sample standard deviation across
three seeds in each fixed system—condition—scenario cell and averaged the 20 cell SDs for each system and
dimension:

5

3 4
_ _ 1
Z(xmcsrd - xmcsd)zr Smd = %Z z Smesd - (5)
c=1

r=1 s=1

Smesd =

N =

This is a descriptive measure of variation among three requested seeds for the tested cells, not uncertainty of a
population-level mean. Dispersion across all 15 videos per condition also includes scenario variation. Contrasts
are descriptive because the study has five selected scenarios and multiple outcomes.

The archived VBench checkout is based on commit 07bc8adb74d5e0a23de42ed5880b899alff70510; source-file
hashes record local modifications. The cloud run used Python 3.12.3, PyTorch 2.7.1+cul18, and an RTX 4090.
All 240 videos were evaluated in custom_input mode on six dimensions. Subject consistency, background
consistency, aesthetic quality, and imaging quality passed all decoded frames to their metric implementations.
Motion smoothness decoded all frames and used alternating frames for interpolation; dynamic degree used frame
indices 0, k, 2k, ..., where k = max{1, round(fps/8)}. MUSIQ imaging quality used longer preprocessing
(longest side at most 512 pixels) and was divided by 100 in the per-video table. The full-info JSON, filename-to-
prompt maps, logs, and source manifest document the run. For one Mochi pilot clip evaluated on both local and
cloud machines, the largest absolute score difference was 2.2 X 1075 across six dimensions.

4 Evaluation Metrics and Experimental Protocol

4.1 VBench-based general video-quality metrics

VBench was used to measure six general video properties: subject consistency, background consistency, motion
smoothness, dynamic degree, aesthetic quality, and imaging quality [27]. Dynamic degree indicates detected
motion, not physical correctness or an unconditionally desirable level of activity for monitoring. Let x;,,4 € [0,1]
denote the score of video i, generated by model m, on dimension d. Raw imaging-quality values were divided by
100; the other dimensions were used on their reported [0,1] scales. For n,,, = 75 baseline videos from model m,
the sample mean and sample standard deviation were calculated as

Nm
B 1
X = — X
md Ty imd »
=1
Nm
1
Smd = -1 (xlmd - xmd)
m i=1

The model-level performance vector used in the dimension-wise summaries was

Vi = [fmlrfmz' ---'fmG]T- (8)

The baseline standard deviations describe dispersion among the selected prompts and scenarios, not uncertainty
from repeated generation at a fixed prompt. No weighted or unweighted composite quality index was used
because the six dimensions represent distinct properties. Because VBench was not designed specifically for deep-
sea mining, it formed the general-quality layer, while domain validity was assessed separately using the criteria in
Section 4.2 [27, 29, 30, 31].
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Table 2. VBench-based general video-quality metrics used in this study.

Metric Evaluation focus in this study
Subject consistency Whether the main subject maintains a stable appearance and structure across frames.

Background consistency =~ Whether the deep-sea background remains stable without non-physical jumps or severe flickering.

Motion smoothness Whether object motion is continuous without obvious stuttering, frame loss, or unnatural teleportation.
Dynamic degree Whether the video contains dynamic changes in sediment, plumes, lighting, or equipment motion.
Aesthetic quality Overall visual perception, including lighting layout and color composition.

Imaging quality Technical image quality, including clarity, noise, distortion, artifacts, and blur.

SIX REPORTED VBENCH DIMENSIONS

Subject consistency Background consistency Motion smoothness
Visual subject persistence Scene stability Temporal continuity
Dynamic degree Aesthetic quality Imaging quality
Video-level motion activity Perceptual composition Technical visual quality

Imaging quality divided by 100 for the reported 0-1 scale; domain violations assessed separately.

Figure 4. Six VBench dimensions reported in this study. Domain-rule violations were assessed separately and are
not included in the six-dimensional score.

4.2 Rule-based domain violation analysis

Although VBench provides useful general-purpose video-quality metrics, it does not directly assess compliance
with deep-sea mining constraints. A rule-based violation analysis was therefore used to identify obvious domain
errors that could reduce the utility of synthetic videos for visual monitoring. The selected violations reflect
requirements for first-person monitoring views, the absence of shallow-water elements, plausible visibility
reduction by sediment plumes, and temporal continuity under artificial illumination [3, 34, 5, 36, 37, 38].

Four binary indicators were used: perspective violation, deep-sea environment violation, irrelevant-entity
hallucination, and severe temporal artifact. For the new three-rater subset, let z;,;,; € {0,1} denote the majority
label for video i from model m and violation type k, where 1 indicates that at least two raters marked a violation.
The model-specific rate for violation k and the overall rate of videos with at least one majority-labeled violation
were calculated as

e
1
Rk = o) Z Zimk »
L
1 "g) 4
R = mzﬂ Zzimk >0,
Mm =1 \k=1
where ng) = 15 and I(-) is the indicator function. Pooled rates were calculated over all 60 inspected videos.

The archived report summarizes one review of 60 videos, 15 per system, using complete clips and frames near
10%, 30%, 50%, 70%, and 90% of each clip. Its per-video rating sheet was not recovered, so the aggregate
counts are retained as historical single-rater observations. Inter-rater agreement cannot be calculated from those
counts. The 240 extension videos have not undergone domain-rule review.

For an independent reliability assessment, we prespecified a distinct, system-masked subset of 60 archived clips:

15 per system, covering numbered variants 1-3 in each of S1-S5. These variant numbers define sampling strata,

not semantically matched focus levels across the different prompt libraries. Three independent raters received the
same clips in separately randomized orders. They saw masked filenames, a standardized scenario card, and the
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positive instruction, but not system identity, VBench scores, or the negative-prompt field. Each rater recorded
four binary indicators and a not-rateable flag after viewing the full clip; only playback failure qualified a clip as
not rateable.

The prespecified analysis reports Fleiss’ k, pairwise Cohen’s k, mean pairwise raw agreement, and rater-specific
positive rates for each indicator. Undefined k values under constant marginal ratings would be marked not
estimable. Consensus requires at least two of three positive ratings for each indicator; violation proportions use
videos as the denominator and descriptive Wilson 95% intervals. Because the subset was selected by design,
these intervals are not population-prevalence estimates. A video has an overall violation if any indicator reaches
this majority threshold. The returned files contained 60 complete ratings per rater and no not-rateable entries.

Table 3. Rule-based domain violation indicators for synthetic deep-sea mining videos.

Indicator Definition Score
Perspective violation Third-person view, complete vehicle body, external viewpoint, or drone-like view appears. 0/1
Deep-sea environment Sunlight, blue sky, water surface, land, shallow-water vegetation, or other non-deep-sea elements 0/1
violation appear.

Irrelevant entity Unprompted divers, ships, humans, unrelated animals, or irrelevant objects appear. 0/1
hallucination

Severe temporal artifact Obvious flickering, abrupt object disappearance, structural collapse, or strong frame-to-frame 0/1

inconsistency appears.

5 Results

5.1 Baseline dual-track performance

Aesthetic Background Dynamic degree
Jimeng-V3 - 0.536 Jimeng-V3 0.951 Jimeng-V3 - 0.867
Mochi-1 0.367 Mochi-1 0.916 Mochi-1 0.987

CogVideoX-1.5

|

0.391 CogVideoX-1.5 0.893 CogVideoX-1.5 -

00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 10

U

0.853

Mean VBench score Mean VBench score Mean VBench score
Imaging Motion Subject
Jimeng-V3 1 0.655 Jimeng-V3 - 0.983 Jimeng-V3 - 0.922
Wan_z.l -0524 Wan_z.l _0993 Wan_z.l _0903
Mochi-1 0.345 Mochi-1 - 0.979 Mochi-1 0.806
CogVideoX-1.5 4 0.417 CogVideoX-1.5 - 0.965 CogVideoX-1.5 - 0.762
00 02 04 06 08 1.0 0.0 0.2 04 06 08 1.0 00 02 04 06 08 1.0
Mean VBench score Mean VBench score Mean VBench score

Figure 5. Archived baseline mean VBench scores across 75 outputs per reported system. Bars represent
configured model-prompt—deployment systems, not isolated model effects, all plotted dimensions use the
reported 0—1 scale.

Table 4. Archived baseline VBench scores by reported system label (mean + standard deviation across 75 videos
per system). Historical checkpoint identities are not independently verified.

Model Aesthetic Background Dynamic Imaging Motion Subject

Jimeng-V3 0.536 0.951 0.867 0.655 0.983 0.922
+0.059 +0.019 +0.342 + 0.075 +0.010 + 0.046
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Model Aesthetic Background Dynamic Imaging Motion Subject
Wan-2.1 0.478 0.942 0.707 0.524 0.993 0.903
+ 0.070 + 0.032 + 0.458 +0.114 + 0.005 + 0.085
Mochi-1 0.367 0.916 0.987 0.345 0.979 0.806
+ 0.053 + 0.025 + 0.115 + 0.087 + 0.014 + 0.064
f‘;g“deox' 0.391 0.893 0.853 0.417 0.965 0.762
’ + 0.052 + 0.055 + 0.356 +0.174 + 0.033 + 0.137

Figure 5 and Table 4 summarize the baseline VBench scores. In this system-level comparison, the API systems
scored higher on aesthetic and imaging quality; the local systems showed higher dynamic-degree scores in some
cases. Jimeng-V3 had the highest mean scores for aesthetic quality (0.536), imaging quality (0.655), background
consistency (0.951), and subject consistency (0.922). Wan-2.1 had the highest motion-smoothness score (0.993),
whereas Mochi-1 had the highest dynamic-degree score (0.987).

Within the API-accessed track, Jimeng-V3 scored higher than Wan-2.1 in five dimensions; Wan-2.1 scored
higher in motion smoothness. Within the locally deployed track, CogVideoX-1.5 scored higher in aesthetic and
imaging quality, while Mochi-1 scored higher in the other four dimensions. These baseline contrasts compare
configured model-prompt—deployment systems.

5.2 Score distribution across prompt samples

Aesthetic Background Dynamic degree

1.0 4 1.0 4 —— % 1.0{ —— e -

0.8 1 0.8 % %l 0.8

0.6 % 0.6 0.6

0.4 % % % 0.4 0.4

0.2 0.2 0.2

0.0 . . X . 0.0 X : i i 001 _—— . - -

\.\‘(\e@ NC g\oﬁ‘“‘\ COQ\I\(\eO* \.\‘(\e“q we® g\oc‘“\ COQ\I»\on* \“ge“q N \y\od\\ Coq\\»\deo*

Imaging Motion Subject

1.0 A 1.0 e — T 1.0 A
Tt TR

0.6 1 % 0.6 0.6
0.4 1 % 0.4 A 0.4
0.2 4 0.2 4 0.2 4

0.0 1 0.0 1 0.0 1
T T T T T

o W\ S o W\ Sk o \! S
\'\«\e(\g we wo Coq\l\d""’ \'\«\e“g we wo Cong\ée“ \\«\e‘\q we wo Cog\me"

Figure 6. Prompt-level VBench score distributions (75 outputs per system). Boxes show the interquartile range
and median, whiskers extend to the observed minimum and maximum. Dynamic degree is binary at the video
level.

Figure 6 shows the score distributions across prompt samples. Jimeng-V3 and Wan-2.1 had relatively small
standard deviations in background consistency (0.019 and 0.032, respectively) and motion smoothness (0.010 and
0.005), indicating limited prompt-level dispersion in these dimensions.

CogVideoX-1.5 showed the largest imaging-quality (s = 0.174) and subject-consistency (s = 0.137) dispersion.
Dynamic degree varied most for Wan-2.1 (s = 0.458) and CogVideoX-1.5 (s = 0.356), partly reflecting the
dimension’s discrete behavior. These baseline standard deviations combine differences among prompts and
scenarios; repeat-to-repeat variability is examined in the extension below.



This is a Just Accepted version, keep updated with https://doi.org/10.26599/OCEAN.2026.9470033

OCEAN 2026, 2, 9470033

5.3 Controlled-prompt extension: four conditions and repeated seeds

All four systems yielded 60 scored files, with 15 per prompt condition. Each file was linked to a generation
sidecar, video SHA-256, evaluation prompt, and six finite VBench scores. Table 5 reports condition means on a
common 0-1 scale.

Table 5. Controlled-extension VBench means (n = 15 videos per system—condition, five scenarios and three
seeds each). Column order follows the archived baseline table.

System Condition = Aesthetic Background Dynamic Imaging Motion Subject
Jimeng P1 0.550 0.966 0.667 0.706 0.994 0.947
P2 0.497 0.964 0.733 0.663 0.995 0.960
P3 0.510 0.965 0.667 0.635 0.994 0.958
P4 0.525 0.963 0.600 0.680 0.993 0.948
Wan P1 0.523 0.969 0.733 0.544 0.995 0.956
P2 0.481 0.959 0.600 0.529 0.996 0.953
P3 0.481 0.959 0.600 0.529 0.996 0.953
P4 0.445 0.962 0.600 0.459 0.996 0.957
Mochi Pl 0.373 0.957 0.133 0.315 0.995 0.930
P2 0.399 0.958 0.133 0.404 0.995 0.958
P3 0.384 0.953 0.000 0.360 0.992 0.945
P4 0.398 0.956 0.333 0.361 0.994 0.947
CogVideoX Pl 0.416 0.961 0.400 0.519 0.985 0.944
P2 0.385 0.963 0.200 0.523 0.995 0.950
P3 0.401 0.965 0.467 0.455 0.996 0.960
P4 0.380 0.962 0.600 0.441 0.996 0.949

Table 6. Mean within-cell sample SD across three requested seeds, averaged over 20 scenario—condition cells
per system (Eq. (5)). Column order matches Table 5; these are not between-prompt SDs or confidence intervals.

System Aesthetic  Background Dynamic Imaging Motion Subject
Jimeng 0.058 0.015 0.231 0.043 0.001 0.025
Wan 0.053 0.015 0.433 0.072 0.002 0.025
Mochi 0.032 0.011 0.202 0.079 0.001 0.018

CogVideoX 0.043 0.010 0.202 0.040 0.002 0.015
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Figure 7. VBench means for the controlled-prompt extension, shown separately for each configured system. Pl is
the short prompt, P2 the shared detailed positive prompt, P3 adds requested exclusions, and P4 uses model-
adapted text with exclusions. Each bar summarizes 15 videos (five scenarios, three recorded seeds); hatching
distinguishes conditions.
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Figure 8. Descriptive within-system differences between prompt conditions across six VBench dimensions. Each
point is a difference between two 15-video condition means, with scenario and repeat indices matched; positive
values indicate a higher mean for the condition named first. The zero line denotes no mean difference.

Prompt detail had mixed effects (Figures 7-8). Relative to P1, P2 increased Jimeng’s dynamic-degree mean by
0.067 but reduced its imaging-quality mean by 0.042. Mochi’s imaging-quality mean rose by 0.089, whereas
CogVideoX’s dynamic-degree mean fell by 0.200. Table 6 reports observed repeat-to-repeat dispersion
separately from variation among scenarios; dynamic degree is binary per clip and its SD should be interpreted
accordingly. The shared P2 text fixed the positive instruction across systems; generation settings and service
implementations still differed.

All 15 Wan P2/P3 scenario—seed pairs had identical scores and pixel-identical decoded frames, despite distinct
task IDs, container hashes, and a nonempty negative-prompt field in the P3 requests. The service’s handling of
that field remains unknown. Elsewhere, P3—P2 dynamic-degree differences were —0.067 for Jimeng, —0.133 for
Mochi, and +0.267 for CogVideoX (Figure 8). P4 also showed no consistent gain across the six dimensions.
These results provide no general VBench advantage for longer or negatively constrained prompts; the extension
has not yet been domain-rated.
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5.4 Domain-specific violation analysis

The independent review covered a prespecified, separately selected 60-video subset (15 per system). All three
files contained one complete rating per system-masked video, with no not-rateable entries. Majority labels
identified at least one violation in 37/60 clips (61.7%:; descriptive Wilson 95% interval, 49.0-72.9%). The
descriptive overall counts were 9/15 for Jimeng, 3/15 for Wan, 13/15 for Mochi, and 12/15 for CogVideoX; these
small, system-specific strata were not used for inferential model ranking. Environment violations were the most
frequent majority label (30/60). Table 7 reports the four criteria separately.

Table 7. Independent three-rater review of the distinct 60-video subset. Raw agreement is the mean of the three
pairwise exact-agreement proportions, each majority count uses 60 videos as its denominator.

Violation criterion Majority positive = Fleiss’ K Raw agreement
Perspective 8 (13.3%) 0.338 81.1%
Deep-sea environment 30 (50.0%) 0.622 81.1%
Irrelevant entity 2 (3.3%) 0.117 83.3%
Severe temporal artifact 5(8.3%) 0.000 72.2%

Agreement was criterion-dependent: Fleiss’ k was 0.622 for environmental violations but 0.117 for irrelevant
entities and approximately zero for severe temporal artifacts. For the latter, one rater marked no positives, while
the other two marked 13 and 17 of 60, respectively. The majority-based overall rate is therefore a transparent
screening summary, not a high-certainty ground truth. The earlier single-rater aggregate (59/60) lacks recoverable
per-video labels and cannot be matched clip by clip to the new subset; its original counts are retained in the
Supplementary Material.

5.5 Exploratory word-order sensitivity analysis

Aesthetic Background
Action-first - © 0.470 Action-first - © 0.965
Environment-first - © 0.499 Environment-first - © 0.966
Scattered integration - O 0.490 Scattered integration O 0.966
T T T T T T T T T T T T T T T |
0.42 0.44 0.46 0.48 0.50 0.52 0.54 0.56 0.93 0.94 0.95 0.96 0.97 0.98 0.99 1.00
Mean VBench score Mean VBench score
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Action-first © 0.267 Action-first - © 0.599
Environment-first - © 0.600 Environment-first © 0.571
Scattered integration (© 0.400 Scattered integration - O 0.581
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0.3 0.4 0.5 0.6 0.52 0.54 0.56 0.58 0.60 0.62 0.64 0.66
Mean VBench score Mean VBench score
Motion Subject
Action-first 4 0.996 @ Action-first © 0.957
Environment-first 0.995 @ Environment-first 4 © 0.960
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0.96 0.97 0.98 0.99 1.00 0.92 0.94 0.96 0.98 1.00
Mean VBench score Mean VBench score

Figure 9. Archived Wan word-order experiment: mean VBench scores for each variant across 15 prompts. Axis
ranges differ by panel to show the observed contrasts, compare values across panels using the printed scores
rather than marker positions.
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The word-order results show an association between prompt variant and output scores; the variants altered
information order but did not include repeated seeds. For variant v and dimension d, the descriptive contrast
relative to the Action-First reference was defined as

Dpg = Xpg — fAction—First,d- (11)

As shown in Figure 9, mean subject, background, and motion-smoothness scores differed by no more than 0.003
among variants. Across the five nondynamic dimensions, the largest absolute difference from Action-First was
0.029.

Dynamic degree showed the largest difference: Environment-First scored 0.600, Action-First 0.267, and
Scattered-Integration 0.400. Thus, Agg qynamic = 0.333 relative to Action-First in this 15-prompt sample. The
result is an output-level association between information order and measured motion; this archived word-order
experiment did not include seed repeats.

Figure 10 illustrates one WP2-S2 case: Environment-First emphasized clay deformation and sediment suspension
under artificial light, whereas the other variants retained more vehicle-related content.

Figure 10. Video thumbnails comparing the WP2-S2 prompt variants.

Table 8. Prompt text variants for WP2-S2. V0 is the source prompt; only VI-V3 were generated and evaluated in
the 45-video word-order experiment.

ID Category Main ordering strategy

VO Original  Original modular order

V1 Variant | Mechanical action before environment

V2 Variant2 Deep-sea environment and lighting before action

V3  Variant 3 Modifiers integrated into long natural sentences

5.6 Archived exploratory |12V material

The ten archived 12V clips remain descriptive score records, not a controlled T2V-I12V comparison. Their
surviving request script names wan2.6-i2v-flash, whereas the original manuscript named Wan-2.1; the
execution-time response was not recovered. Their images and prompts are not a verified homogeneous S1 set and
are not paired with the 15 historical T2V clips. Accordingly, no between-mode effect size is reported.

6 Discussion

6.1 Implications for deep-sea mining visual monitoring

The controlled extension found prompt-dependent changes in general video-quality scores, but no prompt
condition dominated across systems and dimensions. The independent review identified scene-level violations
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and showed that agreement depends on the criterion. Together, these results support a staged use of generated
clips: compare prompt conditions with general metrics, screen candidate clips against camera and domain rules,
and reserve task-specific claims for tests on independently annotated real footage [39]. Physics-based simulators
provide a complementary reference for plume behavior [9, 14, 15].

6.2 Conditional prompt-design guidance

The word-order sample linked environment-first wording to a higher dynamic-degree score, suggesting a focused
follow-up rather than a universal template. The P1-P4 results favor choosing prompt structure for the target
visual property and screening each clip against domain rules [24, 25, 26]. The pixel-identical Wan P2/P3 pairs
raise a specific question about provider handling of negative requests; they show no negative-prompt effect for
that service.

6.3 Scope and next validation stage

The archived comparison coupled model identity, prompt style, and deployment. Shared P2 wording improves
comparability in the extension, although resolution, duration, inference settings, and API processing still differ.
Three requested-seed outputs describe variation within tested cells. The archived single-rater aggregate cannot be
paired with the new system-masked subset; agreement for irrelevant entities and severe temporal artifacts also
indicates that those rule definitions need refinement before larger-scale labeling. The exploratory 12V files do not
support a mode comparison.

The next stage would test two operational endpoints, neither measured in this study. For perception transfer, a
larger real-video set should be annotated and split by independent dives or nonoverlapping segments; the same
detector or tracker would then be trained on real footage alone and on real footage plus screened synthetic clips,
with performance assessed only on held-out real footage [12, 7]. For plume behavior, visible plume-front
displacement, expansion, and persistence could be compared over matched intervals against calibrated field
sequences or numerical simulations; image-plane motion alone would not establish physical velocity without
camera scale and flow information [3, 34, 5]. This staged design separates the present visual benchmark from
physical and application-level validation.

7 Conclusion

Across an archived 300-video comparison and a 240-video controlled-prompt extension, within-system prompt
contrasts varied by VBench dimension; no tested condition consistently raised all six scores. All 15 Wan P2/P3
pairs produced pixel-identical decoded frames despite distinct requests. A separate three-rater review identified at
least one majority-labeled domain violation in 37/60 clips, with agreement varying substantially across criteria.
The earlier single-rater aggregate (59/60) is not a directly comparable replicate.

These findings support metric-guided prompt testing and explicit domain screening for candidate deep-sea
monitoring videos. The archived word-order and 12V analyses remain descriptive. The documented video corpus
and evaluation protocol provide a basis for subsequent plume-kinematics and held-out real-video transfer tests.

Electronic Supplementary Material

Supplementary material containing prompt examples, and domain-rule definitions is available in the online
version of this article at https://doi.org//10.26599/0CEAN.2026.9470033
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