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Figure 1. Given masks of the first video frame and a text, or a text, our method synthesizes a high-fidelity video

Abstract

Recent advances in generative AI research for videos, such
as SAM2 and text-to-video diffusion models, have demon-
strated great potentials to create large-scale datasets with
minimal human intervention. In underwater setting, we ob-
serve the need for diverse video datasets to capture the
unique characteristics of dynamic objects in such an en-
vironment that are often absent in generic datasets. In
this paper, we propose a new framework for synthesizing
videos and pixel-wise annotations tailored for underwa-
ter computer vision tasks including video inpainting and
video object segmentation. We demonstrate the effective-
ness of this framework by constructing two video datasets,
namely UTV, a real-world dataset comprising 2,000 video-
text pairs, and SUTV, a large-scale synthetic video dataset
featuring 10,000 videos and segmentation masks. We show
that our synthetic dataset significantly improves the perfor-

mance of downstream methods in video inpainting and self-
supervised video object segmentation tasks. Specifically,
downstream models are trained on the synthetic dataset and
evaluated on real datasets.

1. Introduction
Approximately 75% of the Earth’s surface or 362 million
km2 is dominated by oceans and major seas. These vast
bodies of water are integral to climate regulation and serve
as a primary source of oxygen for the planet. However,
marine species are considerably less well-documented com-
pared with land species. Almost 89% of marine protected
areas are under-explored [17] and only 200 marine areas are
recorded in the World Database on Protected Areas [21].

Underwater video analysis domain focuses on interpret-
ing and understanding of marine video footage, thereby aid-
ing in the exploration and conservation of marine resources.
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A big shark chasing a school of fish.

Figure 2. Generated samples by the first T2V solution. Specifi-
cally, the T2V model is leveraged to generate annotation masks,
which are then used to condition the generation of videos. The
generated masks and videos highlight the failure to align the gen-
erated segmentation masks with the video.

Literature has shown a large body of research methods de-
voted to underwater video analysis. For instance, under-
water instance segmentation is studied in [10, 11]. Fish-
Net [8] enhances the understanding of ecological marine
roles, supporting various vision tasks through experiments
conducted on 94,532 images. IOCFormer [28] addresses
underwater object counting problem. SAM-based Marine-
Inst [43] leverages continuous data annotation by utilizing
both human-annotated and model-generated instance masks
to improve training data for instance segmentation. Depth
estimation and underwater image restoration are studied
in [31].

There exist several marine datasets. Specifically, [1]
introduces the UTB180 dataset, which contains 180 ma-
rine video segments, to benchmark object tracking meth-
ods. MVK [29] proposes a marine video dataset that in-
cludes 44,330 text-image pairs designed for known item
search task. CBIL [36] leverages video-based motion prior
to guide the model learn various movement patterns e.g.,
the counterclockwise circling of sharks. However, CBIL
is heavily dependent on the input movement patterns i.e.,
video segmentation masks to synthesize motions. A Vari-
ational Autoencoder (VAE) is used to convert data from
pixel spaces into latent spaces, while an adversarial imita-
tion learning approach is employed to accurately capture
the intricate movements of schools of fish. In contrast, our
approach using image or video mask conditioning, whether
included or not, facilitates improved visual fidelity, better
motion control and temporal consistency

In this regard, text-to-video synthesis presents a promis-
ing approach, providing an innovative way to create infor-
mative visual content based on textual descriptions. This
technology not only improves the accessibility of marine
data but also simplifies species identification and habitat
evaluation. We explore two solutions that use T2V mod-
els for generating segmentation datasets.

The first one is to adopt a T2V to generate annotation
masks, which are then used to condition the generation of
videos. For still images, these masks can be efficiently pro-
duced by fine-tuning T2I models on COCO instance seg-

mentation [12]. Subsequently, the generated masks serve
as input for Mask2Image within the SegGen [41] frame-
work. We establish a baseline by initially generating video
segmentation masks, followed by video generation. How-
ever, it is not trivial to establish the scheme on videos that
fails to ensure the temporal consistency of segmentation
masks trained on limited data, and to align masks with video
frames in Figure 2 . To address this issue, we adopt one of
training-free diffusion approaches to evaluate this solution
e.g., [25]. Note that plug-and-play methods are often used
to enhance the overall quality of off-the-shelf T2V models.
Additionally, training-free approach indicates improved ap-
pearance fidelity in the marine domain shown in Figure 6.
However, employing video temporal smoothing alters video
frames, leading to discrepancies with the initial masks and
resulting in misalignment between videos and masks. Di-
rect questions arise: (i) Is it hard to enforce temporal consis-
tency in generated masks while fine-tuning diffusion models
on the limited referring VOS datasets? and (ii) How to im-
prove mask and video alignment in generated data? The
primary challenge lies in proposing a simple scheme to con-
nect these two types of T2V models for better video-mask
alignment.

In the second solution, we observer training a video dif-
fusion model to generate masks on diverse referring VOS
datasets, such as Ref-YouTube-VOS [24] (about 6 FPS),
Ref-DAVIS17 [9] (about 30 FPS), MeViS [6] (about 30)
often fail to reach the temporal consistency in video anno-
tation synthesis. The temporal inconsistency arises from
the varying frames per second (FPS) across these datasets.
In contrast, off-the-shelf video diffusion models trained on
large scale datasets e.g., WebVid-10M [2] leads to generat-
ing videos enforcing temporal coherence. To address this
challenge, we propose a novel approach that reverses the
conventional SegGen [41] workflow. Specifically, we first
utilize the video diffusion model to generate the video con-
tent, followed by predicting masks using a segmentation
model e.g., SAM2 [19] based on the initialized masks of
the first frame that is the semi-supervised VOS setting. In
our framework, we will specifically focus on effectively in-
corporating temporal information into the image-to-video
synthesis, ensuring that the first frame and its correspond-
ing mask remain unmodified. Thus, our method aims not
only to improve the temporal alignment of generated masks
but contributes to the appearance fidelity.

To summarize, our contributions include:

• We introduce a T2V framework for synthesizing ma-
rine videos and annotation masks aiming to automatically
generate synthetic data at scale. Our multimodal frame-
work offers flexibility in controlling visual appearance by
conditioning on text and the annotation mask of the initial
video frame.

• We introduce the large video-text pair dataset for ma-
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Figure 3. Architecture Overview.

rine applications to facilitate fine-tuning of T2V models.
Our findings suggest that training on the UTV dataset en-
hances video-text alignment of the T2V model [32].

• We present a large-scale synthesis video dataset with
pixel-wise annotations. Since marine objects exhibit
characteristics similar to dynamic objects and can ex-
hibit camouflage, synthetic dataset shows feature repre-
sentations leading to improve the performance of leading
methods in downstream tasks.

2. Related work
Text-to-Video Generation Models Diffusion-based text-
to-video generation has made significant advancements that
is trained on large-scale datasets e.g., WebVid-10M [2],
LAION-400M [23]. Make-A-Video [26] employs a two-
step approach for text-to-video synthesis that aligns text-
to-image and text-to-video tasks by training a single joint
foundation model. Notably, images are treated as single-
frame videos, enabling the same model to generate both
images and videos. Following this line of research direc-
tion, Movie Gen [18] builds upon the architecture of image
autoencoders proposed by [22], enhancing it by incorporat-
ing temporal parameters. This includes a 1D temporal con-
volution following each 2D spatial convolution and a 1D
temporal attention mechanism after each spatial attention
layer. The architecture employs temporal downsampling
via strided convolution, allowing for the encoding of videos
of varying lengths, including images treated as single-frame
videos. VideoLDM [3] and ModelScopeT2V [32] extend
the 2D-UNet architecture to 3D-UNet by introducing tem-
poral layers and fine-tuning these layers for text-to-video
synthesis. [32] is evolved from text-to-image synthesis
(T2I) Stable Diffusion (SD) [22] for text-to-video gener-
ation.

These two notable open-source T2V models including
ModelScopeT2V [32] and VideoCrafter1 [4], have demon-
strated significant potential in leveraging their knowledge

to tackle various downstream tasks, thus minimizing or
even removing the requirement for extensive labeled data.
[33, 34] are developed based on [32]. [14] proposes differ-
ent attention-based variants, aiming to learn temporal and
spatial representations in video inputs.

Training-free Text-to-Video Generation Training-free
approaches that extend an image foundation model to a
video generation model offers an efficient solution, lever-
aging the generalization capabilities of text-to-image diffu-
sion models trained on larger image data compared to their
video counterparts. We observe that this training-free ap-
proach in the marine domain often produces high-fidelity
videos and achieves better video-text alignment. BIVD-
iff [25] demonstrates that a training-free approach can excel
in several downstream tasks ie., controllable video genera-
tion, video editing, video inpainting, and outpainting. Given
the excellent text-image alignment in image foundation dif-
fusion models, BIVDiff [25] utilizes image generation in
the first phase, while a video diffusion prior is employed to
ensure temporal consistency in the video results. However,
the results struggle to effectively control motion informa-
tion in marine domain.

3. Our approach
We introduce UTV, which synthesizes videos and anno-
tations based on text prompt conditioning. Our goal is to
fine-tune a text-to-video diffusion model that significantly
mitigates text-video alignment issue in marine domain. The
generated videos exhibit high visual fidelity, allowing hu-
man annotators to vote on rejecting or accepting the syn-
thesized data, thereby enforcing coherence between the text
prompts and the resulting video content.

3.1. Preliminary: Video Diffusion Model

T2V models e.g., ModelScopeT2V [32], often extend text-
to-image diffusion models e.g., Stable Diffusion [22] by in-

3



tegrating spatio-temporal blocks into the UNet architecture
to ensure temporal consistency. T2V diffusion model ar-
chitecture is divided into three main components: a VAE
encoder E for translating pixel spaces to latent spaces, a
denoising UNet U and a VAE decoder D. [32] is an open-
source model classified as a latent diffusion model and com-
prises a total of 1.7 billion parameters. Specifically, the de-
noising UNet model comprises three blocks: the encoder
(has 422 million parameters) the middle blocks (has 165
million parameters) including temporal blocks totaling 552
million, and the decoder (756 million parameters).

In general, training T2V model involves two steps in-
cluding pre-training on text-to-image task, followed by joint
training on both text-to-image and text-to-video tasks. The
input video is mapped to a latent space via the encoder
E , which is subsequently perturbed by introducing a small
amount of Gaussian noise. Simultaneously, the text prompt
is encoded into text embeddings using a pre-trained text en-
coder. The denoising UNet U is optimized to predict the
noise and reconstruct the synthesis video data via the de-
coder D, conditioned on the text embeddings.

3.2. Latent Image Diffusion Model Generators

We propose a framework that guarantees temporal consis-
tency in the generated masks and improves the alignment
between masks and videos. This is accomplished by in-
tegrating a strong video diffusion prior into the image-to-
video generation process, while preserving the original first
frame and its corresponding mask.

Text-to-Annotation Generation. Following the fine-
tuning phase, we proceeded to generate masks using a text-
to-image model e.g., Stable Diffusion-v1.5(SD) [22], which
has shown effectiveness in generating high-quality images
from textual inputs. The objective was to generate image
annotation conditioning that would guide the subsequent
video frame generation process. The model [22] was fine-
tuned on our marine video frame and text pairs, and bench-
mark datasets e.g., DAVIS17 [9] Ref-YouTube-VOS 2018
and 2019 [24] to ensure that it could produce masks that
accurately represent the content described in the text.

Conditional Annotation-to-Image Generation. Condi-
tional image generation aims at synthesizing images based
on user-provided signals i.e., annotation masks. Here we
generate images that align well with corresponding seg-
mentation masks and text prompts, which serve as the first
frames for the synthesis videos discussed in Section 3.3. We
use ControlNet [42] feature representations as a guiding sig-
nal to employ the SD [22] for image generation conditioned
on masks. This dual conditioning allowed for improved co-
herence in the generated visuals.

3.3. Text-to-Video Diffusion Model

Initially, we use a pre-trained text-to-video diffusion model
e.g., ModelScopeT2V [32] as our base model that was
trained on large-scale datasets demonstrating generalization
capability. To adapt the model for marine applications, we
fine-tuned [32] using our UTV-2K dataset to ensure ef-
fective alignment of text and video on marine domain. We
compiled a comprehensive dataset consisting of video clips
that showcase marine life, including fish behaviors, coral
reef dynamics, and underwater ecosystems.

BIVDiff [25] employs DDIM inversion to adapt an im-
age diffusion model for video diffusion. However, synthe-
sizing the entire video directly using a T2V model often
fails to enforce temporal consistency. A solution is to in-
corporate generative video prior into frame-wise video dif-
fusion results, leading to alterations to the first frame. In
our setting, we keep the first frame and its annotations un-
changed. Thus, we implement a frame-by-frame generation
approach during each diffusion model sampling process.

A frame-wise video representation is defined
si[x0, .., xM ], where if i = 0, then x0 is synthesized
using text-guided, mask-conditioned generation with
ControlNet; i ∈ [0, ..,M − 1]. This frame is duplicated
for the remaining xi to achieve a synthesis video length of
M + 1. We use the encoder E to convert frame-wise data
si from pixel space to latent space as z0.

In the forward diffusion process of the diffusion model,
a Markov chain z1, .., zT is produced by iteratively adding
Gaussian noise to z0. The reverse denoising process uti-
lizes a UNet of the fine-tuned ModelScopeT2V to gradu-
ally reduce noise in the Markov chain zT−1,..,z0. We apply
DDPM-based inversion to copy frame latent at xM to ini-
tialize frame latent at xM+1. We hypothesize that frames M
and M +1 are closely aligned to reinforce temporal consis-
tency. With generative video prior information, we create
videos that ensure this temporal consistency. Finally, the
decoder D decode the clean latent of the last latent xM+1

as the novel synthesis frame x1 in Figure 3.

3.4. Video Annotation Generator

UTV aims to automatically generate fine-grained video an-
notations using masks from the first frame. SAM2 [19]
requires users to explicitly supply pixel-wise annotations
as prompts to guide segmentation. In contrast, the base-
line in Figure 7 utilizes bounding boxes from Grounding
DINO [20] as prompts for SAM2 in synthesized marine
video segmentation. However, the implicit target objects
generated by DINO can result in inaccuracies, such as false
positives or incomplete segmentation in Figure 7. Con-
sequently, this misalignment hampers the effectiveness of
text and mask integration on marine videos. Our image-to-
annotation mask diffusion model offers explicit masks of
target objects as prompts for SAM2’s prompt encoder. This
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Dataset Time Domain #Sent Cap #Video-text Cap Source Attributes Prompt
(hours) Length pairs Comp

InternVid-VTT[35] 76K open 1 10-20 7.1M synthesis ✗ medium
MSR-VTT[37] 41.2 open 1 9.3 200K human ✗ low
WebVid[2] 13K open - 12 2.5M alt-texts ✗ low
EPIC-KITCHENS-100[5] 100 cooking 1 3 19.8K human ✗ low
UTV-2K (Ours) 18.48 underwater 3.4 44 2K human ✓ high

Table 1. Comparison with existing text-video datasets. Where Sent and Desc length indicate the numbers of sentences and words in each
description, respectively.

Figure 4. Word cloud of the text in our video-text dataset.
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Figure 5. Distributions of our dataset that illustrate attribute
distribution over 2000 text-video pairs.

approach enhances accuracy in marine video segmentation
and ensures a better alignment between the video content
and masks.

4. Collecting Fine-grained Annotations

UTV-2K is introduced to assemble realistic videos with
rich motion, realism, aesthetics, and diverse conceptual
content, complemented by high-quality captions given by
human annotators. Next, UTV-10K is synthesized using
our T2V framework, which is designed to generate exten-
sive video and annotation datasets from text prompts with
minimal human intervention. Specifically, this video gener-
ation process begins with a substantial pool of synthesized
videos and annotations. We then apply a curation procedure
involving manual filtering to produce high-quality videos
and masks.

4.1. The UTV-2K real video-text dataset

Existing datasets such as WebVid[2] contain watermarked
videos and require data licences to fully distribute videos
to the community or underwater videos from YouTube1

source often consist of multiple segments within a single
long video, we introduce a new dataset that resolves these
problems. In this work, we introduce internal video data
and the collected MVK dataset [29] that are manually cap-
tioned followed our own strategy. We have a team of eight
undergraduate students to caption 2,000 videos.

1https://www.youtube.com

Statistics of the UTV-2K We have recorded a total of
5317 objects, including “central object”, “object2”, “ob-
ject3”, “object4”. Fig. 4 shows the word cloud of the
text prompts of this dataset. Fig. 5 provides a detailed de-
scription of the distribution of various attributes within the
videos. More than half of the videos in the dataset are an-
notated with 3 or more objects. The majority of the videos
are described with “environment”, “video clarity”, “cam-
era position”, “camera angle”, and two attributes i.e., “tex-
ture”, “color”, “size and shape” that are linked to “central
object”.

Our marine vs prior video-text datasets Note that we
use a fine-grained data for T2V synthesis. The annota-
tors leverage presented attributes to yield high-quality de-
scriptions. In contrast, human annotators providing single-
sentence captions for MSR-VTT [37] are often ineffec-
tive. Another textual description type in the captioning do-
main is alt-text in WebVid [2]. In general, content creators
fail to provide informative captions for textual representa-
tions shown in underwater video search engines e.g., “2014
May Lembeh Strait (North Sulawesi)” or platforms provide
brief descriptions e.g., “Wrasse Swims On Top Rock Reef
Stock Footage Video”. Table 1 compares video description
datasets under diverse aspects.

4.2. The UTV-10K dataset

We employ two primary filtering stages in our data curation
pipeline that require human annotators: motion filtering and
visual filtering.
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A large, rusty shipwreck lies in the emerald green water at a significant 
depth, illuminated by flashlights. The high-quality video captures this scene 

with a panoramic, horizontal view

The tiny yellow luminescent creatures reflect light from the diver's torch. Drifting 
softly in the underwater realm, they create vivid scenery. The panoramic shift 
from horizontal sweep to tranquil progression engenders a mysterious space
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Figure 6. Qualitative Comparisons.

A giant black manta ray

A school of fish glides gently through the murky water

Ours Baseline

BaselineOurs

Figure 7. Qualitative results of our method and a baseline (a T2V model i.e., ModelScopeT2V [32] to generate synthesis videos and
Grounded-SAM-2 [20] to predict annotation masks). Text prompts serve as linguistic inputs for predicting annotation masks in the baseline.
As shown, the baseline ModelScopeT2V [32] fails to produce high-fidelity video frames, resulting in partial segmentation (in the first and
second rows). Additionally, DINO’s limitations [20] in marine object detection lead to inaccurate box prompts, resulting in false positives
predicted by SAM2 [19] on marine data (in the third and fourth rows). Our T2V model demonstrates superiority in producing high-fidelity
video results and annotations for the first frames (as SAM2 prompts), thereby enhancing the alignment between video and annotation
masks.

Motion filtering involves removing videos with frequent
jittery camera movements, eliminating those that lack mo-

tion, and discarding videos featuring special motion effects
in both synthesized videos and annotation masks.
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Method FID↓ FVD↓
S M H FVD64↓ FVD128↓ FVD256↓

Latte [14] 110.9 93.7 80.4 4578.1 3699.7 3312.4
ModelScopeT2V [32] 127.4 101.3 92.2 3523.3 3548.5 3426.9
TF-T2V [34] 147.2 136.8 128.2 4843.5 4500.2 4390
VideoLCM [33] 167.5 128.7 126.2 3432.5 3233.6 3018

UTV+ [32] 104.2 87.7 75.7 1506.9 1401 1303.8

Table 2. Quantitative comparison against SOTA methods.
S,M,H stand for respectively “Simple”, “Medium” and “Hard”
as the caption complexity. “Simple”, “Medium” and “Hard” con-
tain 1, 2, more than 2 object attributes, respectively. Best perfor-
mances are highlighted.

Visual filtering focuses on ensuring no watermarks,
minimizing scene changes, and maintaining aesthetic qual-
ity in the synthesized videos, aiming to produce a high-
quality UTV-10K dataset.

To construct the video dataset, we utilize underwater im-
age instance segmentation datasets, such as USIS10K [11]
and UIIS [10], along with their respective categories, to
condition and text prompts, aiming at generating of syn-
thetic videos and masks. Our multimodal procedure is de-
signed to be flexible, allowing the use of either text prompts
or text prompts accompanied by masks as inputs for data
synthesis.

USIS10K comprises 10,632 underwater images with
pixel-level annotations, while UIIS contains 4,628 under-
water images with annotations. We utilize categories as
object attributes in our definition within UTV-2K to de-
velop prompt descriptions for generating the synthetic video
dataset.

We employ prompts generated from ChatGPT to make
the synthesis video, leveraging text prompts as input for the
T2V model.

5. Experiments

We conducted a comprehensive evaluation of our approach
to assess its effectiveness. First, we perform evaluation on
T2V models in the marine domain, where we collected both
qualitative and quantitative results, uncovering critical in-
sights. We observe that synthetic marine videos generated
by T2V models often do not align as effectively with text
prompts compared to those produced in more generic do-
mains. Specifically, we leverage the UTV-2K video-text
pair dataset for text-to-video synthesis. Next, the UTV-
10K synthesis video dataset as augmentation data to im-
prove the performance of downstream task methods.

5.1. Implementation Details

We use NVIDIA L20 GPUs for fine-tuning baseline mod-
els, testing and generating new data. We fine-tune the T2V
model for video synthesis and the T2I model for the base-
line in 6 days and 9 days, respectively.

5.2. Text-to-Video Synthesis

Datasets: To fine-tune ModelScopeT2V [32] for the ma-
rine domain, we utilize UTV-2K of 2,000 text-video pairs
to enhance the model’s performance. We categorize UTV-
2K based on the complexity of their descriptions, defining
three levels of difficulty: simple, medium, and hard. Sim-
ple videos feature a single central object, medium videos
contain two objects within the scene, and hard videos in-
clude more than two objects. Our dataset comprises 177
simple videos, 742 medium videos, and 1081 hard videos.
To fine-tune SD [22], we use R-VOS datasets including Ref-
DAVIS17 [9] with 60 videos, Ref-YouTube-VOS 2018 and
2019 [24] with 2972 videos, and our dataset on the image
annotation generation training. We manually annotated 92
underwater videos with pixel-wise labels and accompany-
ing text descriptions to fine-tune the Stable Diffusion model

Metrics: To evaluate the performance of our models
quantitatively, the Fréchet Video Distance (FVD) [30] and
the Fréchet Inception Distance (FID) [7] are used in text-
to-video synthesis. We adopted the fixed protocol proposed
by StyleGAN-V [27]. The proposed evaluation protocol
involves an initial step of sampling the video data and ran-
domly selecting fixed-length video clips from the real data
to compute the necessary statistics for assessing the perfor-
mance of text-to-video generation models.

Quantitative Analysis: We initially evaluated T2V mod-
els without finetuning on marine data and observed that the
synthetic videos did not align well with the text prompts in
marine scenarios. We hypothesize that the limited diversity
and richness of the marine data utilized for training these
T2V models contributes to the observed misalignment. As
demonstrated in Table 2, ModelScopeT2V fine-tuned on
UTV-2K, significantly outperforms the other models across
all metrics.

Qualitative Analysis: We qualitatively compare T2V
models i.e., Latte, ModelScopeT2V, TF-T2V, and Vide-
oLCM, against free-training models i.e., BIVDiff. Note
that we observe the original T2V models often lack the de-
tail and high fidelity found in their free-training counter-
parts. This discrepancy may be attributed to the integration
of powerful T2I models, which generate photorealistic data
that aligns more closely with detailed text prompts. For ex-
ample, Figure 6 illustrates marine objects conditioned on
the text prompt “tiny yellow luminescent creature”, gener-
ated by BIVDiff, are observed in the synthetic video. Fur-
thermore, it is seen that fine-tuning ModelScope on UN-
DERWATERT2V, preserves details w.r.t text prompts, that
closely resembles the ground truth illustrated in Figure 6.
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Methods Real Iteration YouTubeVOS DAVIS 2016 DAVIS 2017
data PSNR ↑ SSIM ↑ VFID ↓ PSNR ↑ SSIM ↑ VFID ↓ PSNR ↑ SSIM ↑ VFID ↓

ProPainter [44] ✓ 700K 33.86 0.9713 0.084 22.90 0.8389 0.946 22.00 0.7965 1.141

[44] + UTV ✗ 60K 31.82 0.9613 0.117 23.26 0.8493 1.029 22.24 0.7983 1.111

Table 3. Quantitative comparisons on video inpainting. We train ProPainter [44] on respective real and synthetic data, and then evaluate on
the real data. We observe training on synthetic data needs fewer iterations than training on the real data. [44] trained on the synthetic data
outperforms the original one trained on the real data on DAVIS2016/2017 benchmark datasets. Best performances are highlighted.

Figure 8. Qualitative comparisons on underwater video inpaint-
ing task. We visualize the inpainting results for the original
ProPainter [44] (2nd row) and [44] trained on the synthetic data
from UTV-2K (3rd row). The masked frames are shown in the
1st row. [44] trained on the synthetic data demonstrates supe-
rior performance, producing high-fidelity textures and exhibiting
fewer artifacts in the video inpainting results.

Baseline: We compare our method with a baseline: a T2V
model i.e., ModelScopeT2V [32] and [20]. The T2V model
is fine-tuned on the UTV-2K. [20] integrates Grounding
DINO [13] and SAM2 for text-guided video segmentation
in which Grounding DINO is utilized for marine object de-
tection. We noticed that partial segmentation and false pos-
itives appear on DINO [13] leading to fails to detect marine
objects on the baseline in Figure 7. While the synthetic data
produced by [32] demonstrates good temporal consistency,
it struggles to deliver high-fidelity visuals in certain sce-
narios. Note that we utilize [32] as a generative prior for
image-by-image video synthesis.

5.3. Application: Downstream tasks

Video inpainting: We evaluate propainting methods i.e.,
ProPainter [44] in Figure 8. We compare [44] trained on a
synthetic dataset with the original model trained on bench-
mark datasets i.e., DAVIS and YTVOS. For a fair compar-
ison, we extract the same length of synthetic video from
each video in the DAVIS and YTVOS test sets for evalua-
tion. Our method demonstrates improved performance on
the video inpainting task for DAVIS 2016 and 2017 com-
pared to the original ProPainter [44] in Table 3. Addition-
ally, we observe that training on the synthetic dataset leads
to significantly faster convergence rates than training from
scratch on the real dataset.

Self-supervised video object segmentation: Here, we
compare methods on self-supervised learning methods us-
ing pseudo labels and synthetic data. A straightfor-

ward knowledge distillation (KD) is used to distill AOT
and DeAOT variants from the teacher model to the stu-
dent model, without using ground-truth. Instead of using
pseudo labels, AOT and DeAOT are trained on synthetic
datasets. We observe that the models trained on the syn-
thetic data outperform KD-based representation learning
methods, achieving performance increase of 0.14 to 7.35
J&F on the benchmarking datasets in Table 4.

Method YouTubeVOS2018 YouTubeVOS2019
J&F ↑ J&F ↑

AOT [40] 67.30 67.60
DeAOT [39] 73.20 74.00

AOT [40] 74.93 (+7.63) 74.95 (+7.35)
DeAOT [39] 74.15 (+0.95) 74.14 (+0.14)

Table 4. Quantitative comparisons on self-supervised video object
segmentation. We employ a simple KD scheme to distill feature
representations and logits from the largest model to the smallest
model in gray color. Models trained on the synthetic data are high-
lighted in red color. We observe that the methods trained on the
synthetic data outperform the KD-based models.

6. Conclusion
In this paper, we present a UTV dataset aimed at advancing
oceanic research by curating a large-scale collection of real
videos paired with high-quality captions. Additionally, we
generate 10K synthetic videos with pixel-wise annotations
and text descriptions. Our goal is to enhance the under-
standing of underwater ecosystems by improving data ac-
cessibility. We propose an efficient framework for synthe-
sizing videos and annotations that minimizes labeling ef-
fort. Our evaluation shows that synthetic data can signifi-
cantly boost the performance of various downstream tasks.
By bridging the gap between synthetic and real data, we aim
to foster innovation in computer vision applications e.g., us-
ing synthetic data to improve the training phase.
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UTV: Creating Underwater Video Datasets using
Text-to-Video Synthesis with Pixel-wise Annotations

Supplementary Material

Abstract

In this supplementary material, we provide detailed descriptions
of implementation used in our work in Sec. A. Visualizations of the
Variational Autoencoder in generative diffusion models for anno-
tation generation are illustrated in Sec. B. More visual analysis of
the first solution is illustrated in Sec. C. Video inpainting ablation
is presented in Sec. D. We present an analysis of the real-world
video-text dataset in Sec. E. Additionally, we showcase more syn-
thetic datasets generated by our framework in Sec. F. Limitations
are discussed in Sec. G.

A. Implementation details
We fine-tune diffusion models for video generation and annotation
mask generation with 25,000 and 30,000 iterations, respectively,
using a single NVIDIA L20 GPU. The models are optimized using
the AdamW optimizer with a learning rate of 3×10−5 and a batch
size of 2 for video generation task. The models are conducted at a
resolution of 448×256. UTV contain 25 frames in each synthetic
video.

B. Visualizations of Variational Autoencoder
(VAE) for pixel-wise annotation recon-
struction

We employ VAE in ModelScopeT2V [32] and Stable Diffu-
sion [22] for the encoding and reconstruction of video and im-
age data. We observe VAE effectively encodes and reconstructs
annotation maps in Figure 10. Note, videos with very short du-
rations often lead to VAE reconstruction outputs inserting blank
frames at the end of the video. While YouTubeVOS videos [38]
are recorded at 30 fps, they are annotated at 6 fps, presenting a
challenge for VAE reconstruction. To address this problem, we
increase the frame rate during video extraction using FFmpeg in
fine-tuning diffusion models.

C. More visual analysis of the first solution
To align video content with annotation maps, we draw inspiration
from SegGen [41] for video generation. Specifically, we present
the first solution in the main paper which consists of two stages.
First, we create a video annotation map. In the second stage, we
condition the video generation process on the annotation maps.
However, we observe that the generated results with pixel-wise
annotations often exhibit artifacts, necessitating improvements to
achieve high-quality video outputs

C.1. Implementation details
In our first solution, we employ a T2V model i.e., Mod-
elScopeT2V, to generate annotation maps. We utilize an NVIDIA
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Figure 9. Convergence of video inpainting method on
DAVIS2017. We evaluate the performance of ProPainter, trained
on synthetic at different training iterations and ProPainter trained
on VOS real datasets at iteration of 700K (dash line in red ).
We observe ProPainter trained on our marine synthetic dataset,
achieves faster convergence compared to the model trained on the
real datasets. Note, we utilize 25 frames of video sequences for
evaluation.

H800 for fine-tuning on the referring VOS datasets and our marine
dataset, using an optimizer with a learning rate of 3× 10−5, batch
size of 8 and a cosine learning schedule over 33,000 iterations.

C.2. Visual analysis
This approach leverages T2V to produce annotation maps, which
then condition the video generation process. However, we find
that ModelScopeT2V generates annotation maps leading to arti-
facts, including visual jitter, flickering behavior, and instance de-
tection issues in Figure 11. These problems highlight that this
solution is not trivial for generating videos with pixel-wise anno-
tations. We suspect that the limited data available for fine-tuning
the T2V model is inadequate for demonstrating its generalization
capability in data generation.

D. Video inpainting ablation
We highlight the critical importance of the synthetic dataset for
training video inpainting models. We observe that the video in-
painting model trained on the synthetic dataset, without access to
ground truth labels, outperforms the counterpart trained on the real
dataset in Figure 9. Furthermore, training on the synthetic dataset
enables the model to achieve faster divergence at earlier iterations
(50 iterations vs 700K iterations in ProPainter trained on the real
VOS datasets from scratch). This finding is attributed to the unique
characteristics of dynamic objects found in our dataset, which are
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(a) VAE inputs

(b) Decode video annotation latent using VAE

Figure 10. Visual analysis of annotation map reconstruction using VAE. It is noticeable that the VAE shows its effectiveness in encoding
and reconstructing video annotation maps. This visualization demonstrates the VAE results in the first solution of the main paper, which
adopts a T2V approach to generate video annotation masks.

frequently absent in generic datasets. Downstream models can
learn discriminative feature representations, leading to a faster di-
vergence rate.

E. UTV-2K real video-text dataset
E.1. Collecting Marine Videos
Our internal video data. We have recorded video footage
from 8 unique beach/island locations across the four major oceans
including Pacific Ocean, Indian Ocean, Atlantic Ocean, Mediter-
ranean Sea, over a 2-year period. Our team has captured a total
of hundreds of hours of underwater video footage, but we have
specifically selected 18.48 hours of this footage to construct the
dataset. Video recordings will focus on a specific area and the
activity of marine organisms, with an median duration of approx-
imately 28 seconds. The shortest recording time is 0.46 seconds,
while the longest recording is 3.8 minutes. We utilized a variety
of camera equipment such as GoPro cameras, and consumer cell-
phone cameras.

MVK dataset. We have further adopted a public dataset, the
MVK [29]. MVK is a marine video dataset comprising 44330 text-
image pairs extracted at 1 FPS (frame per second), where the text is
automatically generated using [15]. This data was recorded across
11 regions and countries, utilizing a variety of different camera

equipment. The total recording time exceeds 12 hours across 14
unique beach/island locations, with varying recording duration.
The median video duration is 29.9 seconds, ranging from 2 sec-
onds to 4.95 minutes.

E.2. Dataset Split
We categorize our videos based on the complexity of their descrip-
tions, defining three levels of difficulty: simple, medium, and hard.
Simple videos feature a single central object, medium videos con-
tain two objects within the scene, and hard videos include more
than two objects. Table 5 shows caption examples categorized
based on the number of object attributes. We split the dataset into a
training set with 1400 videos and a testing set with 600 videos. For
the subset, we randomly selected 100 simple videos, 200 medium
videos, and 300 hard videos from the dataset.

F. Additional UTV-10K samples
Recent advances in off-the-shelf generative models have signifi-
cantly improved data generation. Ni et al. [16] propose an image-
to-video synthesis framework conditioned on text prompts to pro-
duce temporally coherent videos. Inspired by this work, we adopt
ModelScopeT2V model to predict new video frames using gener-
ative priors. In our paper, we observe that the solution of gener-
ating video annotation masks first and then generating the video
is not trivial. To ensure video-annotation alignment, we employ a
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A big shark chasing a school of fish.

The biggest goldfish. An orange goldfish in the center next to the largest fish. The smallest goldfish. A small goldfish in the 
end. Goldfish on the bottom.

A horse ridden by a woman. A girl riding a horse.

Figure 11. Visualization of the first solution in main paper, that using text-to-video diffusion model aiming at generating annotation maps.
ModelScopeT2V generates poor annotation maps, highlighting artifacts in the generated results such as visual jitter (first row), instance
object detection issues (second row), and flickering behavior (third row).

Figure 12. Illustration of caption length over UTV-2K text-video
pairs.

diffusion model to generate the video first, followed by effective
prediction of the annotation mask.

Text-to-video synthesis. Figure 13 illustrates that UTV pro-
duces temporally coherent results for different prompts. The video
and text are well-aligned in the marine domain.

Text-to-video synthesis with pixel-wise annotations. We
train and evaluate the diffusion models i.e., ModelScopeTV and
SD for pixel-wise annotation map generation using the prompt
template: Generate segmentation maps. < video description >.

UTV generates results with natural motion, scenes containing
camera changes and object deformation while preserving align-
ment between the video and annotation masks in Figure 14. Fur-
thermore, we enhance mask-to-video synthesis by leveraging [10]
in Figure 15. Our synthetic data showcases a diverse and extensive

array of high-quality training samples.

G. Discussion and Limitations
UTV has the following limitations that we discuss in this section.

Scene changes: We find that our framework generates videos
with abrupt scene changes, which is a common artifact in prior
generative models. Specifically, generated videos contain several
clips, and abrupt scene changes occur at the video shot bound-
aries. In scenarios where rapid object movements or hallucinated
trajectories occur, we often see tracking failures.

Camera changes: Another limitation manifests when motion
is not initialized in the image-to-video generation. Target objects
only appear in the initial frames, resulting in incomplete track-
ing. We suspect that this issue arises from the absence of temporal
guidance in the image-to-video generation process.

Flickering: While our framework effectively aligns annota-
tions with the video content, we find it has issues with flickering
and visual jitter in Figure 14. Addressing this would be our future
work.
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Category Caption

Simple
A large, rusty shipwreck lies in the emerald green water at a significant depth, illuminated by flash-

lights. The high-quality video captures this scene with a panoramic, horizontal view.
The sleek, elongated fish swims slowly in the clear brightturquoise water. High quality, captured

in sharp detail, with a panoramic shot providing a comprehensive view.
In the clear brightturquoise water, a school of small Acanthurus blochii fish is swimming in the sea
space. The video is recorded in high quality, from panoramic side shots of the entire scene to clear
close-ups of the school of fish.

Medium
The rock crevice is gray and rough, with large dimensions and fish swimming around. The water

is clear brightturquoise, with medium depth and some light. The video quality is good and clear,
with fish swimming slowly. The wide-angle camera pans horizontally around the rock crevice.
A high-quality video captures a large coral reef with various colors and sizes.

Different species of fish , displaying a multitude of colors, swim around in the clear bright-
turquoise water. The footage provides clear scenes of the surrounding coral reef, with a horizontal
angle offering a panoramic view.
A small striped sea fish with pale brightturquoise color swims around a rocky area. The clear water

requires flashlight assistance as sunlight cannot penetrate. The video has sharp clarity, capturing
the fish moving slowly from a wide, horizontal panoramic view, highlighting the natural beauty of
the marine environment

Hard
Under the ocean floor, the world of branching corals emerges with a mesmerizing jade green hue,

where large coral formations densely populate the seabed. Various colorful and uniquely shaped

small fish swim around the coral reef. Professional divers control the camera, capturing the scene
with the presence of air bubbles. The video records the vivid and lifelike underwater landscape from
a high-angle perspective, resembling a painting of the ocean.
The video captures a large coral reef in brown and mossy colors, surrounded by

rocks and marine creatures . Nearby divers and fish swimming around create a lively scene.
The clear brightturquoise water, medium depth, and daylight provide a sharp image. The video
records the movement of the coral with a wide, horizontal shot
A clear, high-definition video captures a close-up of a small Bansa fish with a white
body and two black stripes, gracefully swimming. Four divers move slowly near
an abandoned underwater structure in the clear brightturquoise sea, with a school of small fish

swimming around it. The camera pans horizontally around the Bansa fish, capturing the divers and
a corner of the structure.

Table 5. Prompts are categorized based on the object attributes given in a textual input. Specifically, there are three prompt examples w.r.t
three videos each category. “Simple”, “Medium” and “Hard” contain 1, 2, more than 2 object attributes, respectively. Object attributes
are highlighted in red , aiming at categorizing caption prompts.
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Deep beneath the blue sea, large gray sharks stretch, with small fish trailing behind and coral reefs as the backdrop. The high-quality video captures 
the slow and free movement of the sharks in front of the camera, while the camera records their entire movement from panoramic to static angles.

Deep beneath the ocean floor, a large sea turtle with black and gray shell stands still on the coral reef. The high-quality video captures the peaceful 
image of the turtle, with close-up shots focusing on the turtle's shell, along with static shots.

The mud crabs. They have a hard, brown shell with ridges on the surface. In terms of visual characteristics, their shells are very clean and transparent 
underwater, allowing the camera to record good quality images. Their movement speed is not fast, allowing the camera to focus on capturing their fine 

details. With a progressive rotation angle, the camera can easily see clearly every ridge on the crab's body, creating a beautiful and vivid image.

A fish

Coral reefs

An aquatic plant

A fish

Human divers

Figure 13. Underwater videos generated from UTV based on the prompts from the UTV test set provided by human annotators (1st to 3rd
rows) and categories in UIIS [10] (4th to 8th rows).
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A frogfish with a spongy skin, small size, and reddish coloration beside coral reef underneath the blue water, captured in clear 
lighting and high-quality video.

A frogfish with a spongy skin, small size, and reddish coloration in a rocky surface with coral reef lies on the seabed, captured in 
clear lighting and medium quality video.

A swimming stingray with flexible fins, white and disc-shaped in blue water, captured in clear lighting and a high quality video.

A sea snake with smooth skin, black and white banded pattern , was separated with a coral reef system, captured in clear lighting 
and a high quality video

Figure 14. Samples generated from UTV with the collection of prompts provided by human annotators.
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Sea lily

Three fishes and a coral reef

Aquatic plants

Three reefs

A worm

Coral reef and fish swimming

Figure 15. Additional samples generated from UTV with categories (from UIIS [10]) as text prompts.
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