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• Constructing the Underwater Text–Mask–Depth–Normal Dataset (U-TMDN),

containing 53,403 images with textual descriptions, semantic segmentation masks,

depth maps, and surface normal maps.

• Proposing a A Unified Multi-view Diffusion Model for Underwater Scene Gen-

eration via Cross-View Representation Alignment (UMDM-USG), jointly gen-

erating images and multiple key modalities conditioned on expressive, domain-

specific textual descriptions.

• Designing the Conditional Generation Alignment Attention (CGA-Attn), which

explicitly models bidirectional cross-view interactions, enabling accurate struc-

tural grounding and improved multi-view alignment.
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Abstract

Underwater scene understanding is crucial for marine exploration, ecological moni-

toring, and robotic operations, yet the scarcity of large-scale, high-quality underwater

datasets severely limits the performance of learning-based models. In this paper, we

propose UMDM-USG, a Unified Multi-view Diffusion Model for Underwater Scene

Generation based on cross-view representation alignment. By treating each modal-

ity, such as image, segmentation mask, depth map, and surface normal, as a distinct

view of the same underwater scene, UMDM-USG jointly generates coherent multi-

view outputs conditioned on expressive textual descriptions. To strengthen cross-view

coherence, we introduce a Conditional Generation Alignment Attention (CGA-Attn)

mechanism that explicitly enhances semantic and geometric alignment across views.

In addition, we construct the U-TMDN dataset, consisting of 53,403 underwater im-

ages with comprehensive multi-view annotations. Extensive experiments demonstrate

that UMDM-USG achieves superior or competitive performance in image quality and

semantic consistency, and that the generated multi-view data consistently improve mul-

tiple downstream underwater vision tasks.
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1. Introduction

Underwater scene understanding plays an important role in marine exploration

[1, 2], robotic operations [3, 4] and underwater autonomous navigation [5, 6, 7, 8].

However, the acquisition of underwater datasets is typically costly and technically

challenging due to the harsh and complex marine environment. Moreover, underwater

imaging commonly suffers from severe light absorption, significant color distortion,

strong scattering effects, and highly complex geometric structures. These factors fur-

ther increase the difficulty of obtaining high-quality annotated data. As a result, data

scarcity substantially constrains the training of underwater vision models, preventing

them from fully learning the visual and geometric characteristics of complex under-

water scenes. Since appearance, semantics, and geometry are tightly coupled in un-

derwater environments, generating a single modality in isolation cannot capture these

interdependencies. A principled solution must therefore jointly model multiple com-

plementary views of the same scene within a unified framework [9, 10], a challenge

that naturally connects to multi-view learning.

In recent years, generative models have emerged as a promising avenue for data

augmentation, offering a viable strategy to mitigate the scarcity of training data in un-

derwater vision tasks. For example, Atlantis [11] (as illustrated in Fig. 1(a)) generates

underwater images and depth data conditioned on ground-scene depth maps. Although

this approach improves geometric controllability, it relies on ground-scene depth condi-

tions that differ considerably from real underwater scenes in terms of physical imaging

properties and structural distributions. In contrast, TIDE [12] (Fig. 1(b)) indepen-

dently aligns visual and dense annotation modalities to improve structural modeling

capabilities. However, this method requires multiple independent alignment modules

for different modalities, resulting in a relatively complex overall architecture. More-

over, the lack of a unified and collaborative alignment mechanism across modalities

limits its scalability in multimodal joint generation scenarios. In addition, existing

methods generally adopt simplified textual conditions, failing to incorporate domain-
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Figure 1: Illustration of different underwater scene generation methods. (a) Atlantis [11]: generation con-

ditioned on text and depth maps as external control signals; (b) TIDE [12]: joint generation of images and

dense annotations via alignment across multiple independent modules; (c) the proposed UMDM-USG: uni-

fied multi-view generation with improved structural consistency.

specific underwater terminology, which restricts their ability to provide fine-grained

and physically meaningful guidance during generation.

To address these limitations, we propose a Unified Multi-view Diffusion Model for

Underwater Scene Generation via Cross-View Representation Alignment, referred to

as UMDM-USG. As shown in Fig. 1(c) and Fig. 2, UMDM-USG simultaneously gen-

erates underwater images and their corresponding key modalities, including semantic

segmentation maps, depth maps, and surface normal maps, conditioned on expres-

sive and domain-specific textual descriptions. By treating each modality as a distinct

view of the same underwater scene, UMDM-USG introduces a Conditional Generation

Alignment Attention (CGA-Attn) mechanism that explicitly strengthens cross-view

structural and semantic alignment. Compared with existing approaches that require

independent modality-specific modules, UMDM-USG avoids such complex modular

designs and achieves more concise and coherent joint generation.

In addition, we construct a comprehensive underwater multi-view dataset, termed

the Underwater Text–Mask–Depth–Normal Dataset, or U-TMDN for short. It contains

53,403 underwater images, each paired with high-quality text descriptions, semantic

masks, depth maps, and surface normals. The dataset provides a solid foundation for

training and evaluating unified multi-view generation models, and further supports the
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Figure 2: Visualization of the results generated by UMDM-USG. The model can generate corresponding

multi-view outputs from textual descriptions, and can also perform joint inference to generate missing modal-

ities given a combination of input modalities.

use of generated data to enhance downstream underwater vision tasks.

The contributions of this research can be summarized as threefold.

• We construct the Underwater Text–Mask–Depth–Normal Dataset (U-TMDN).

By integrating textual descriptions, semantic annotations, and geometric infor-

mation, U-TMDN provides unified data support for both underwater multi-view

generation and downstream vision research.

• We propose the Unified Multi-view Diffusion Model for Underwater Scene Gen-

eration via Cross-View Representation Alignment (UMDM-USG), featuring a

Conditional Generation Alignment Attention (CGA-Attn) mechanism. This mod-

ule explicitly aligns different views to ensure high structural consistency and

generation quality.

• Extensive experiments on multiple representative downstream underwater vision

tasks demonstrate that the multi-view data generated by UMDM-USG can effec-

tively enhance the performance of downstream underwater tasks.

The rest of this paper is organized as follows. In Section 2, we review the related
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literature. Our Underwater Text-Mask-Depth-Normal Dataset is introduced in Section

3. In Section 4, the proposed UMDM-USG is presented. The experimental setup,

results, and downstream task evaluations are presented in Sections 5 and 6. Finally, we

draw our conclusion in Section 7.

2. Related Work

2.1. Underwater Image Generation

Underwater image generation has gained significant attention due to its importance

in marine perception, robotic exploration, and environmental monitoring. Early stud-

ies primarily focused on image enhancement and restoration to alleviate underwater

degradations, such as color cast, light attenuation, and scattering effects [13, 6, 14].

Recently, research on underwater scene generation has gradually incorporated dif-

fusion models and structural priors to constrain the synthesis process. Atlantis [11]

introduces ControlNet into the Stable Diffusion framework and employs depth maps

as external control signals to guide underwater image generation and depth estimation,

thereby improving geometric consistency. However, this approach relies on plug-in

control branches, and the interaction between depth information and the image gener-

ation process remains relatively indirect.

TIDE [12] proposes a framework for underwater image generation and dense an-

notation synthesis. It employs two fine-tuned, lightweight Transformer modules to

separately align each modality, which improves structural expressiveness. Neverthe-

less, this design requires independent alignment components for different modalities,

leading to a complex architecture that lacks a unified mechanism to jointly model cross-

modal interactions.

In contrast, our UMDM-USG adopts a unified alignment mechanism to jointly

model interactions among heterogeneous modalities, enabling the generation of more

coherent underwater scenes.

2.2. Underwater Datasets

The development of underwater vision models is highly dependent on the avail-

ability of large-scale and high-quality datasets. Early underwater datasets mainly focus
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on specific tasks, such as image enhancement [14], object detection [4], or semantic

segmentation [15]. While these datasets provide valuable benchmarks, they are usually

limited to a single modality and lack comprehensive semantic or geometric annotations.

Several recent datasets attempt to enrich underwater data with additional infor-

mation. For example, Sea-thru [6] and SeathruNeRF [7] explore underwater image

formation and geometry-aware modeling, but their scales remain relatively small and

their annotations are task-specific. MarineInst [3] introduces instance-level visual de-

scriptions for marine imagery, providing richer semantic annotations.

Atlantis [11] is one of the first efforts to incorporate depth supervision into under-

water generative modeling, while TIDE [12] further introduces segmentation masks

as additional structural conditions; however, both approaches are constrained by rela-

tively limited dataset scale. As a result, existing underwater datasets still lack unified

and large-scale multi-view annotations that jointly capture semantic, structural, and

geometric properties of underwater scenes.

To address these limitations, we build a comprehensive underwater multi-view

dataset containing 53,403 images, each paired with a textual description, segmentation

mask, depth map, and surface normal, enabling joint multi-view learning and genera-

tion.

2.3. Multi-view Representation Learning

Multi-view learning aims to exploit the complementary information across different

data representations or modalities, describing the same underlying objects [9]. Classi-

cal approaches learn shared representations by maximizing correlations between views.

More recent methods used contrastive learning [16, 17] to align and fuse information

from heterogeneous sources. In [18], multi-view knowledge fusion was further intro-

duced to enhance representation learning by explicitly modeling complementary infor-

mation across different views.

In the context of scene understanding, different modalities—such as RGB images,

depth maps, segmentation masks, and surface normals—can be naturally viewed as

distinct views of the same physical scene, each encoding complementary appearance,

semantic, or geometric properties. While multi-view learning has been extensively
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Two sharks swim gracefully 

through the clear blue ocean, 

surrounded by vibrant coral 

reefs and other marine life.

A scuba diver explores a 

massive, textured coral reef in 

the clear blue ocean depths.

A dark, cavernous opening 

reveals textured rock walls and 

a descending rope within a 

shadowy underwater 

environment.

A massive gray whale 

gracefully swims beneath the 

turquoise ocean surface, 

showcasing its distinctive 

spotted pattern.

A dense school of silvery fish 

swims gracefully through the 

deep blue ocean, creating a 

mesmerizing underwater 

spectacle.

Figure 3: Examples from the proposed U-TMDN dataset, including underwater images paired with textual

descriptions, segmentation masks, depth maps, and surface normals.

studied for discriminative tasks such as classification and clustering, its integration with

generative frameworks remains relatively underexplored. Our work bridges this gap by

formulating multimodal underwater scene generation as a multi-view learning problem

and introducing explicit cross-view alignment within a unified diffusion architecture.

3. Underwater Text–Mask–Depth–Normal Dataset

This study focuses on multi-view underwater scene generation, which requires

the joint modeling of semantic, structural, and geometric information. The existing

Atlantis [11] dataset has notable deficiencies in both scale and modal diversity. To

address this limitation, we construct a more comprehensive underwater multi-view

dataset containing 53,403 images, each paired with a textual description, segmenta-

tion mask, depth map, and surface normal (see Fig. 3 for examples). We refer to this

dataset as Underwater Text–Mask–Depth–Normal Dataset, or U-TMDN for short. In

the following, we describe the construction pipeline of each modality.
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Figure 4: Comparison of VQA Scores [23] for captions generated by three baseline models and our fused

caption.

3.1. Image Source

The images in U-TMDN are integrated from multiple high-quality public sources,

including CaveSeg [19], EUVP [13], FLSea [5], HICRD [20], LUIQD [21], MarineInst

[3], Roboflow 1, RUIE [8], RUOD [4], Sea-thru (D1 and D2) [6], SeathruNeRF [7],

SUIM [15], UIEB [14], UIIS [1], and USIS [2]. To ensure diversity and validity, we

calculated the Structural Similarity Index (SSIM) [22] for all candidate images and

removed duplicates with excessive overlap. This process yielded a total of 53,403

underwater images.

3.2. Text Description Generation

For each image, we generate three candidate captions using BLIP2 [24], ShareGPT4V

[25], and MarineGPT [26]. These initial descriptions are then refined by the Gemma3

[27]. Specifically, Gemma3 [27] is prompted to merge, optimize, and deduplicate the

candidates to produce a single, semantically accurate caption that precisely describes

the underwater scene.

Figure 4 reports the Visual-Question-Answering (VQA) Score [23] for individual

1https://universe.roboflow.com/datathon-ce18l/underwater-imagery
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Figure 5: Word cloud visualization of all refined textual descriptions in U-TMDN.

and fused captions. The fused version consistently outperforms all single models, val-

idating our refinement strategy. Furthermore, a word cloud of all refined descriptions

(see Fig. 5) highlights the global textual distribution, confirming that U-TMDN pro-

vides rich, semantically coherent annotations for multi-view training.

3.3. Segmentation Mask Construction

To construct high-quality segmentation masks for U-TMDN, we integrate annota-

tions from three complementary sources, as shown in Fig. 6(a). In total, three different

strategies are used, as detailed below.

1) For datasets with ground-truth masks [19, 15, 1, 2], we directly adopt their pixel-

level annotations. 2) For datasets containing only instance masks (e.g., MarineInst [3]),

we employ a CLIP-based similarity strategy [28] for semantic labeling. Specifically,

each cropped instance region is compared against the text embeddings of the seven

SUIM [15] categories, with the highest similarity score determining the final label. 3)

For unlabeled raw images, we fuse predictions from three underwater-specific models,

including WaterMask [1], WaterSAM [2], and SPDA-SAM [29]. Given that general

segmentation models often struggle with underwater light attenuation and scattering,

we employ these specialized models and follow a fusion strategy to generate high-

quality pseudo masks, substantially reducing the need for manual annotation.
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Figure 6: Overview of the construction pipeline for underwater segmentation masks, depth maps, and surface

normals.

In summary, the final mask set comprises 28,349 manually annotated masks and

25,054 masks generated using our multi-model fusion strategy. This design ensures

U-TMDN covers both expert-validated semantic knowledge and the broad scenario

coverage of cross-model predictions, avoiding overfitting to the distribution of individ-

ual segmentation models and providing a more comprehensive and authentic semantic

foundation for multi-modal feature alignment and fusion.

3.4. Depth Maps Construction

Following the coarse-to-fine pipeline of Prior Depth Anything (Priorda) [30], we

estimate depth maps in two stages. First, the Visual Geometry Grounded Transformer
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(VGGT) [31] generates an initial relative depth map and a spatial confidence map.

To mitigate noise and blurred boundaries caused by underwater scattering, we then

employ Priorda [30] to refine these results. By using the confidence map as a guide, this

process preserves reliable depth values while correcting ambiguous regions, yielding

cleaner and more consistent geometry for multimodal modeling. The overall pipeline

is illustrated in Fig. 6(b).

3.5. Surface Normals Construction

To generate reliable surface normal maps, we adopt a selection-based fusion strat-

egy involving three advanced estimation models, including StableNormal [32], DSINE

[33], and Lotus [34]. To ensure geometric fidelity, we evaluate each candidate predic-

tion using a depth-normal consistency metric. The prediction with the highest consis-

tency score is selected as the final normal map. The overall pipeline is illustrated in

Fig. 6(c).

4. Proposed Method

The proposed Unified Multi-view Diffusion Model for Underwater Scene Genera-

tion via Cross-View Representation Alignment (UMDM-USG) is built upon the Sana

framework [35]. Conceptually, UMDM-USG treats each target modality as a distinct

view of the same underwater scene and learns to align these views in a shared latent

space during the diffusion process. Considering the strong structural correlations and

significant scale discrepancies among multi-view data in underwater scenes, we extend

Sana by designing a Multi-view Alignment Module and introducing a representation

alignment regularization [36]. Unlike diffusion models that focus on a single modality

or rely on auxiliary plug-in controls [11, 12], UMDM-USG preserves the inherent sta-

bility and uniformity of the diffusion process while enhancing its capability to represent

and align complex structural information across views.

As illustrated in Fig. 7, the overall architecture of UMDM-USG consists of four

key components, including a deep compression autoencoder [35], a pre-trained text

encoder, a Role Assignment Module (RAM), and our proposed Multi-view Alignment
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Figure 7: Overall architecture of the Unified Multi-view Diffusion Model for Underwater Scene Generation

via Cross-View Representation Alignment (UMDM-USG).

Modules. In the following subsections, we present a detailed description of the core

design principles and implementation details of the proposed model.

4.1. Deep Compression Autoencoder

To reduce the computational cost and improve generation efficiency, we employ a

deep compressed autoencoder [35]. This module maps high-dimensional images into a

compact latent space, achieving efficient feature compression while preserving critical

structural and semantic information. Compared with conventional autoencoders, this

approach reduces the computational burden and memory consumption during both the

training and inference processes.

4.2. Pre-trained Text Encoder

To provide expressive and semantically rich language guidance for underwater

scene generation, we adopt the pre-trained Gemma3 [27] as the text encoder in UMDM-

USG. Given an input underwater textual description, the text encoder first tokenizes the
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sequence and encodes it into a set of contextualized text embeddings. The resulting text

representation is denoted as

z(t) ∈ RLt×C , (1)

where Lt denotes the length of the token sequence, and C is the embedding dimen-

sion which is aligned with the latent feature dimension used in the diffusion backbone.

During the training process, the parameters of the text encoder are frozen.

4.3. Role Assignment Module

To enable unified modeling and flexible generation across multiple modalities, we

introduce and extend the Role Assignment Module (RAM) [37]. Unlike static frame-

works, the RAM avoids predefining fixed input–output relationships. Instead, it em-

ploys a random role assignment strategy, training the model to generate arbitrary target

modalities conditioned on any subset of the remaining ones.

As shown in Fig. 7, data from various modalities are first mapped into a unified

latent space via the deep compressed autoencoder [35] and represented as sequences.

Let the latent representation of the m-th modality be denoted as

z(m) ∈ RLm×C , (2)

where Lm denotes the sequence length of modality m, and C is the latent feature dimen-

sion. During the training process, the RAM randomly partitions the modality set z(m)

at each iteration into a generation modality set Mg and a condition modality set Mc,

satisfying

Mg ∪ Mc = M, Mg ∩ Mc = ∅, (3)

where M denotes the set of all available modalities.

The intersection between Mg and Mc is constrained to be an empty set because the

two modality sets serve different purposes during diffusion learning. For modalities

assigned to the generation modality set Mg, which serve as the prediction targets of

the diffusion model, noise is injected following the standard diffusion formulation at

timestep t:

z̃(m)
t =

√
αt z(m) +

√
1 − αt ϵ, ϵ ∼ N(0, I), (4)
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where αt is the predefined noise scheduling coefficient. These modalities serve as the

prediction targets of the diffusion model. In contrast, latent representations belonging

to the condition modality set Mc are directly sent to the diffusion network as condition-

ing signals, offering semantic or structural priors to guide the generation process and

therefore remain unchanged, which can be expressed as:

z̃(m)
t = z(m), m ∈ Mc. (5)

The RAM exposes the model to diverse modality combinations during the training

process. Consequently, at inference time, UMDM-USG inherently supports arbitrary

modality-to-modality generation conditioned on any available subset. This unified

mechanism eliminates the need for modality-specific pathways or specialized align-

ment modules, simplifying system architecture while enhancing the generalization of

the model across complex multi-view tasks.

4.4. Multi-view Alignment Module

As one of the core components of the proposed UMDM-USG, the primary objec-

tive of the Multi-view Alignment Module is to efficiently capture structural correlations

and semantic complementarity across different views of the same scene within a unified

diffusion modeling framework. This module is composed of four key components, in-

cluding the Global Alignment Attention (GA-Attn), Conditional Generation Alignment

Attention (CGA-Attn), Gated Fusion, and Cross Attention mechanisms. Specifically,

GA-Attn and CGA-Attn extract macro-scale global correlations and micro-scale cross-

view structural priors, respectively. These complementary features are subsequently

integrated via the Gated Fusion mechanism before being injected with textual seman-

tics through the Cross Attention mechanism.

4.4.1. Global Alignment Attention

To effectively model long-range cross-view dependencies under multi-view con-

ditions while controlling computational complexity, the Global Alignment Attention

(GA-Attn) mechanism is built upon the linear self-attention mechanism adopted by
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Sana [35]. Specifically, let the layer-normalized latent representation of the m-th modal-

ity be

ẑ(m) ∈ RN×C , (6)

where N denotes the number of tokens for a single modality and C represents the

feature dimension. By concatenating all modalities along the token dimension, we

obtain a global sequence representation:

Ẑ = Concat
(
ẑ(1), ẑ(2), . . . , ẑ(L)

)
∈ R(LN)×C , (7)

which is then processed by linear self-attention [35] to model global dependencies:

Zglobal = LA(Ẑ), (8)

where LA(·) denotes the linear attention operation.

Compared with the standard Transformer, the time complexity is reduced from

O((LN)2C) to O(LN · C2), and the memory complexity is reduced from O((LN)2) to

O(LN · C), where L denotes the number of modalities, N is the number of tokens per

modality, and C represents the feature dimension. This optimization yields substantial

gains in computational efficiency, particularly when scaling to multiple modalities and

high-resolution latent representations.

Despite its efficiency, relying solely on global alignment attention across concate-

nated sequences is insufficient for multi-view underwater generation. Such an approach

primarily captures coarse statistical correlations and tends to be dominated by large-

scale regions, limiting its capacity to model directed dependencies between condition-

ing and generation sets. Moreover, fine-grained structures, small objects, and localized

cross-view correspondences are difficult to preserve under purely global interactions.

Consequently, rather than relying on diluted global context, generation views require

explicitly targeted structural guidance from conditioning views.

4.4.2. Conditional Generation Alignment Attention

To address these limitations, we design the Conditional Generation Alignment At-

tention (CGA-Attn) mechanism. By explicitly constructing bidirectional cross-view

attention between generation views and conditioning views, this design enables the

15



model to preserve global consistency while selectively strengthening the mutual syn-

ergy between the evolving content and its structural priors. This targeted interaction

ensures that the generated views are precisely anchored to the conditioning informa-

tion, enhancing the quality of cross-view alignment.

Specifically, according to the output of the RAM, the modality set is partitioned

into the generation modality set Mg and the conditioning modality set Mc. For any

generation modality m ∈ Mg, its latent representation is used as the query, while the

conditioning modalities serve as keys and values to construct conditional generation

alignment attention:

Zg←c = Attn
(
Ẑg, Ẑc

)
, (9)

where Ẑg and Ẑc denote the latent representations of the generation modality set Mg

and the conditioning modality set Mc, respectively.

Meanwhile, to maintain consistency of the conditioning modalities during joint

modeling, a reverse update is further introduced:

Zc←g = Attn
(
Ẑc, Ẑg

)
. (10)

After obtaining the bidirectional aligned representations between the generation

modalities and the conditioning modalities, we further perform residual fusion to con-

struct the final generation-conditioned joint alignment representation:

Zpair = Ẑg + λ1Zg←c + λ2Zc←g, (11)

where λ1 and λ2 are learnable weighting coefficients.

4.4.3. Gated Fusion

After obtaining the global alignment features Zglobal and the generation-conditioned

alignment features Zpair, we introduce a gated fusion mechanism to dynamically bal-

ance the relative importance of the global alignment branch and the generation-conditioned

alignment branch.

Specifically, modality-level gating vectors are generated using the modulation pa-

rameters from layer normalization:

g(m) = σ
(
Wg

(
s(m) + b(m)

))
, g(m) ∈ R2, (12)
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where s(m) and b(m) denote the scale and bias parameters of the corresponding modality,

respectively, and σ(·) is the Sigmoid function. The resulting gating coefficients are then

used to perform weighted fusion of the two aligned representations:

Zfused = gpair · Zpair + gglobal · Zglobal. (13)

This mechanism enables the model to adaptively emphasize either local cross-view

alignment or global contextual modeling according to the current generation condi-

tions, achieving a better balance between global structural consistency and fine-grained

detail preservation in complex underwater scenes.

4.4.4. Cross-Attention

After completing internal multi-view alignment, we introduce the cross attention

mechanism to inject textual semantic information into the fused multi-view latent rep-

resentations.

Specifically, let the output of the text encoder be denoted as Y, where the Gemma3

[27] is employed in our implementation. Given the fused multi-view latent representa-

tion Zfused, semantic alignment is achieved through a cross-attention operation:

Ztext = CrossAttn (Zfused,Y) . (14)

4.5. Loss Function

The training objective of UMDM-USG comprises a Mean Squared Error (MSE)

term and a Representation Alignment Regularization (REPA) [36] term. The former

ensures the accuracy of the generated results in either pixel space or latent space, while

the latter imposes constraints at the representation level, guiding the model to learn in-

termediate representations that better conform to the statistical properties of underwater

scenes.

4.5.1. Mean Squared Error

During the diffusion process, given the ground-truth multi-view observation x0 and

timestep t, Gaussian noise is injected via the forward process:

xt =
√
ᾱt x0 +

√
1 − ᾱtϵ, ϵ ∼ N(0, I), (15)
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where ᾱt denotes the noise scheduling coefficient. The model is trained to predict

either the noise or the original sample using the MSE, and the basic training objective

is formulated as

LMSE = Ex0,ϵ,t

[
|ϵ − ϵθ(xt, t,C)|22

]
, (16)

where C denotes the conditional information composed of text and other conditional

modalities.

4.5.2. Representation Alignment Regularization

Relying solely on the diffusion reconstruction loss may lead to slow convergence in

the early stages of training and structural instability in the generated results. To address

this issue, we use the Representation Alignment Regularization (REPA) [36]. This

term imposes constraints on the intermediate hidden states, encouraging the diffusion

features to align with representations that better capture the inherent characteristics of

underwater scenes.

Since UMDM-USG generates multiple modalities simultaneously, this alignment

is applied not only to RGB images but across all generated views. From a multi-view

learning perspective, our model jointly learns a unified representation of underwa-

ter scenes across multiple structure-related views. Specifically, images, segmentation

maps, depth maps, and normal maps are treated as different projections of the same

underwater scene in the appearance, semantic, and geometric subspaces. We denote

these modalities in a unified form as

I = {I(m) | m ∈ Img,Mask,Depth,Normal}. (17)

For each modality I(m), we employ a pre-trained visual feature extractor fd(·) to

obtain its patch-level representations fd(I(m)). Meanwhile, we extract the hidden state

h(m)
t from the m-th layer of the Multi-view Alignment Module within UMDM-USG.

This hidden state is then mapped into the same representation space as the pre-trained

features via a projection head ϕ(·), yielding:

h(m)
ϕ = ϕ(h

(m)
t ). (18)
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REPA [36] is defined by maximizing the patch-wise similarity between the model’s

hidden representations and the features extracted from real observations. The corre-

sponding loss function is formulated as:

Lproj =
1
|M|

∑
m∈M

1
N

N∑
i=1

∣∣∣∣h(m,i)
ϕ − f(m,i)

d (I(m))
∣∣∣∣2
2
, (19)

where M denotes the set of modalities and N is the number of patches per modality.

Through this unified representation alignment, the model not only learns the noise de-

noising process during the training process, but also explicitly captures the statistical

properties of underwater scenes in both semantic and geometric structures, improv-

ing overall consistency, geometric plausibility, and cross-view coherence in multi-view

generation results.

4.5.3. Overall Loss Function

Finally, the overall training objective of UMDM-USG is defined as a weighted sum

of the MSE and the REPA terms:

L = LMSE + λLproj, (20)

where λ is a weighting coefficient that balances generation accuracy and the strength

of representation alignment.

5. Experiments

This section presents the experimental setup, comparative evaluations with existing

methods, and ablation studies to validate the effectiveness of our UMDM-USG.

5.1. Experimental Setup

During the training stage, we consistently used the U-TMDN and split it according

to data sources, with two-thirds of the data allocated for training. The resulting training

set contained 35,484 underwater images along with their corresponding multi-view

annotations.

We fine-tuned UMDM-USG based on the Sana-600M [35] pre-trained model, lever-

aging its robust text–image alignment to enhance the stability and semantic consistency
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Table 1: Comparison of different generative models on the U-TMDN in image generation quality and se-

mantic consistency. For each metric, the best and second best results are highlighted in Red and Cyan fonts,

respectively.

Method FID ↓ NIQE ↓ VQA Score ↑ HPSv2.1 ↑

SD3-Medium [38] 31.2 5.71 0.58 26.92

SD-XL [39] 23.0 4.70 0.58 23.87

Pixart-σ [40] 15.2 5.57 0.54 23.23

Infinity [41] 33.3 5.17 0.64 24.38

Jodi [37] 9.99 4.26 0.49 22.87

Sana-1600M [35] 10.9 4.37 0.49 22.67

TG-TSGNet [42] 18.7 4.69 0.47 22.40

Atlantis [11] 18.0 4.68 0.52 21.93

TIDE [12] 12.2 3.92 0.47 22.27

UMDM-USG 6.15 4.13 0.60 24.79

of downstream generation. Training was conducted for 100 epochs using the CAME-

8bit optimizer with an initial learning rate of 4 × 10−5 and a batch size of 4, with FP16

mixed-precision training to reduce memory usage. All experiments were implemented

on a single NVIDIA L40 GPU. For a fair comparison, all baseline generative models

were also fine-tuned on the same U-TMDN training split under their respective default

training configurations.

5.2. Comparative Experiments

We conducted comparative experiments with six representative generative mod-

els, including SD3-Medium [38], SD-XL [39], PixArt-σ [40], Infinity [41], Jodi [37],

TG-TSGNet [42] and Sana-1600M [35], as well as two underwater-specific methods,

i.e., Atlantis [11] and TIDE [12]. The evaluation was performed using Fréchet Incep-

tion Distance (FID) [43], Natural Image Quality Evaluator (NIQE) [44], the Visual

Question Answering Score (VQA Score) [23], and the Human Preference Score v2

(HPSv2.1) [45]. The corresponding experimental results are reported in Table 1 and

Fig. 8.
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5.2.1. Quantitative Evaluation

As can be seen, UMDM-USG achieved the best performance in terms of FID

and ranked the second on NIQE, VQA Score, and HPSv2.1, outperforming the two

underwater-specific generation methods, i.e., Atlantis [11] and TIDE [12] by a large

margin. These results demonstrate the strong overall advantage of UMDM-USG in

balancing visual quality and semantic consistency for underwater image generation.

In contrast, the large-scale models [38, 39, 40] primarily designed for general-

domain image generation exhibited competitive performance on certain semantic-related

metrics, but fell behind UMDM-USG in terms of FID and structural plausibility. This

indicates their limited ability to simultaneously preserve visual fidelity and structural

consistency in complex underwater environments.

UMDM-USG generally better maintained geometric plausibility and semantic co-

herence during the generation of complex underwater scenes. TIDE [12] achieved

the lowest NIQE score, suggesting an advantage in modeling low-level natural image

statistics. However, its relatively inferior performance on VQA Score and HPSv2.1 re-

veals limitations in high-level semantic alignment and human preference consistency.

5.2.2. Qualitative Analysis

To intuitively validate the performance gains observed in our quantitative evalua-

tion, we conducted a qualitative analysis across a range of representative underwater

scenarios, as illustrated in Fig. 8. The selected prompts covered diverse environments,

including expansive coral reef structures, large aquatic fauna, shipwrecks, and dense

schools of fish.

The visual results indicate that general text-to-image models such as SD3-Medium

[38], SD-XL [39], and Infinity [41] generally exhibited loose structural coherence,

unstable geometric relationships, or semantic deviations in underwater scenes. In com-

plex scenes, these models often produced blurred object contours and confused the lay-

ering between foreground and background. Sana [35] showed improvements in overall

color style and global layout, but still fell short in capturing fine-grained geometric

structures and small objects.
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Atlantis TIDE UMDM-USG
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reef, showcasing 

intricate textures 

and a stunning 

underwater 

landscape.

A large tiger shark 

gracefully swims 

through a vibrant 

blue ocean near a 

flourishing coral 

reef ecosystem.

A weathered, 

submerged sailboat 

rests on the ocean 

floor, surrounded by 

marine life and 

bathed in deep blue 

light.

A dense school of 

vibrant fish swims 

amongst the 

colorful coral reef 

in the clear, deep 

ocean waters.

Text

JodiInfinityPixart-𝜎SD3-Medium SD-XL

JodiInfinityPixart-𝜎SD3-Medium SD-XL
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Sana Atlantis TIDE UMDM-USG
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Sana Atlantis TIDE UMDM-USG

TG-TSGNet

TG-TSGNet

TG-TSGNet

TG-TSGNet

Figure 8: Qualitative comparison of different generative models in terms of a given textual description of

underwater scene.

In contrast, UMDM-USG maintained overall visual realism while further enhanc-

ing structural clarity and multi-view consistency, enabling more accurate modeling of

geometric and semantic information in complex underwater scenes. Besides, UMDM-

USG showed more stable performance on small objects and densely populated regions,

which can be attributed to the design of CGA-Attn and the incorporation of REPA [36].
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5.3. Ablation Study

To investigate the effect of each component of UMDM-USG, we constructed a

series of variants by removing or replacing individual components and evaluated them

in the following ablation experiments.

5.3.1. Impact of CGA-Attn

To verify the role of CGA-Attn in multi-view generation, we further removed this

module and trained the model using only GA-Attn and Cross Attention. As shown in

Table 2, removing the CGA-Attn led to performance degradation across all evaluation

metrics, indicating that this module can effectively enhance multi-view information

alignment and improve the overall generation quality.

Table 2: Impact of the CGA-Attn mechanism on the generation performance of UMDM-USG.

Method FID ↓ NIQE ↓ VQA Score ↑ HPSv2.1 ↑

UMDM-USG (w/o CGA-Attn) 10.21 4.42 0.51 22.19

UMDM-USG 6.15 4.13 0.60 24.79

5.3.2. Impact of REPA

We analyzed the effect of REPA [36] in UMDM-USG training. Specifically, we

constructed different UMDM-USG variants by either not applying REPA or by ap-

plying alignment constraints to the hidden states of different layers in the multi-view

alignment module. Table 3 shows that introducing REPA consistently improves the

generation quality of UMDM-USG. Among the different layer settings, applying the

alignment to the hidden states of 8 layers achieved the best overall performance, indi-

cating that properly aligning intermediate representations can effectively enhance the

model’s generation capability.

5.3.3. Impact of Pre-trained Weight Initialization

To evaluate the effect of pre-trained weights on generation quality, we compared the

models trained from random initialization against those initialized with the pre-trained
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Table 3: Impact of REPA [36] on the generation quality of UMDM-USG.

Method Layer FID ↓ NIQE ↓ VQA Score ↑ HPSv2.1 ↑

UMDM-USG (w/o REPA [36]) - 8.45 4.21 0.49 21.80

UMDM-USG 4 7.02 4.19 0.60 24.21

UMDM-USG 8 6.15 4.13 0.60 24.79

UMDM-USG 16 6.98 4.40 0.61 23.77

UMDM-USG 24 7.89 4.33 0.59 23.04

Sana-600M [35] weights. Table 4 reports the comparative results. Models initialized

with pre-trained weights consistently outperformed those trained from scratch across

all evaluation metrics, indicating that pre-trained models provided better initial seman-

tic and visual representations, which in turn facilitated improved generation quality.

Table 4: Comparison of the generation performance of UMDM-USG with random initialization and initial-

ization using pre-trained Sana-600M [35] weights.

Method Pre-trained Weights FID ↓ NIQE ↓ VQA Score ↑ HPSv2.1 ↑

UMDM-USG N/A 23.1 4.76 0.35 15.54

UMDM-USG Sana-600M [35] 6.15 4.13 0.60 24.79

6. Downstream Tasks

To further validate the effectiveness of UMDM-USG in consistency modeling and

data augmentation, we incorporated the generated multi-view data as auxiliary train-

ing samples for three representative underwater vision tasks, including underwater se-

mantic segmentation, depth estimation, and surface normal estimation. Specifically,

we augmented the training process with synthetic multi-view samples generated by

UMDM-USG and baseline models [11, 12] when the original real annotated dataset

was also used. We then evaluated the performance impact by comparing models trained

on the augmented datasets against those trained exclusively on real-world data.

24



6.1. Experimental Setup

To ensure fair evaluation and prevent potential data leakage, all downstream task

experiments were conducted strictly obeying the training split of each dataset and gen-

erated auxiliary data based on the training split.

Underwater Depth Estimation: Following the protocol in Atlantis [11], we eval-

uated the utility of the data that UMDM-USG generated using the D3 and D5 subsets

of Sea-thru [6] and the SQUID dataset [46]. The Absolute Relative Error (A.Rel) was

adopted as the primary evaluation metric to assess depth accuracy.

Underwater Semantic Segmentation: We evaluated segmentation performance

on the UIIS [1] and USIS [2] datasets. The mean Intersection over Union (mIoU) was

employed as the evaluation metric to quantify segmentation precision across diverse

underwater object categories.

Underwater Surface Normal Estimation: Quantitative evaluation in this domain

is inherently challenging due to the scarcity of public underwater benchmarks provid-

ing high-quality, ground-truth normal annotations. Existing datasets [6, 46] typically

derived normals via numerical differentiation from depth maps, which often introduced

noise and instability.

To ensure a rigorous evaluation, we followed the previous work [47] and adopted

iBims-1 [48]. Although it is not an underwater-specific dataset, iBims-1 [48] provides

high-precision ground-truth normals obtained via laser scanning and manual refine-

ment, making it a standard for normal estimation [32, 33, 34]. The evaluation on

iBims-1 [48] still offers a reasonable and reliable indication of the capability of the

model in capturing geometric structures and maintaining normal consistency. During

the evaluation process, both predicted and ground-truth normals were normalized to

unit vectors. Performance was measured by the Mean Angular Error (MAE), repre-

senting the average angular deviation between the predicted and ground-truth vectors.

6.2. Underwater Depth Estimation

We selected four representative depth estimation methods for comparative evalu-

ation, including AdaBins [49], NewCRFs [50], PixelFormer [51], and MIM [52]. As

shown in Table 5, incorporating the depth data generated by UMDM-USG as auxiliary
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training samples consistently led to improved or competitive performance across dif-

ferent depth estimation networks on the Sea-thru [6] and SQUID [46]. These results

demonstrate the effectiveness of our model in synthesizing geometrically consistent

depth information.

Table 5: Comparison of underwater depth estimation performance on the D3 and D5 subsets of the Sea-thru

[6] dataset and the SQUID [46] dataset.

Method Fine-Tuning Dataset
A.Rel ↓

Sea-thru [6] SQUID [46]

AdaBins [49]

Atlantis [11] 1.33 0.28

SynTIDE [12] 1.31 0.23

UMDM-USG 1.26 0.21

NewCRFs [50]

Atlantis [11] 1.68 0.23

SynTIDE [12] 1.50 0.23

UMDM-USG 1.44 0.20

PixelFormer [51]

Atlantis [11] 1.34 0.18

SynTIDE [12] 1.46 0.16

UMDM-USG 1.27 0.19

MIM [52]

Atlantis [11] 1.37 0.26

SynTIDE [12] 1.27 0.25

UMDM-USG 1.10 0.25

6.3. Underwater Semantic Segmentation

We selected three mainstream semantic segmentation models for comparative eval-

uation, including SegFormer [53], Mask2Former [54], and ViT-Adapter [55]. To assess

the impact of data augmentation, we compared three training strategies: (1) training

exclusively on real annotated images, (2) joint training with synthetic data from Syn-

TIDE [12], and (3) joint training with multi-view samples generated by the proposed

UMDM-USG.

As shown in Table 6, incorporating segmentation maps generated by UMDM-USG

as auxiliary training data consistently outperformed training with real images alone
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Table 6: Comparison of underwater semantic segmentation performance on the UIIS [1] and USIS [2]

datasets.

Method
Training Data mIoU ↑

Real Images SynTIDE [12] UMDM-USG UIIS [1] USIS [2]

SegFormer [53]

✓ 70.2 74.6

✓ ✓ 75.4 76.1

✓ ✓ 74.3 77.6

Mask2Former [54]

✓ 72.7 76.4

✓ ✓ 74.2 72.9

✓ ✓ 73.7 77.0

ViT-Adapter [55]

✓ 73.5 74.6

✓ ✓ 75.1 76.7

✓ ✓ 75.1 77.9

across all three segmentation models and both underwater datasets. This result demon-

strates the effectiveness of generation-based data augmentation in alleviating annota-

tion scarcity in underwater scenes and improving the generalization ability of segmen-

tation models.

It should be noted that the performance advantage of SynTIDE [12] was partly

attributable to its larger-scale synthetic training dataset, which contains approximately

50k samples. Nevertheless, the segmentation maps generated by UMDM-USG demon-

strate comparable and competitive performance.

6.4. Underwater Normal Estimation

We evaluated three representative normal estimation methods, including StableNor-

mal [32], DSINE [33], and Lotus [34], on the iBims-1 [48] dataset. The experimental

results are reported in Table 7. Upon integrating the surface normal maps generated

by UMDM-USG as auxiliary training data, all evaluated models exhibited a consistent

reduction in MAE.

6.5. Summary

Comprehensive experimental results across segmentation, depth estimation, and

surface normal estimation tasks confirmed that UMDM-USG not only achieved supe-

27



Table 7: Comparison of the MAE values obtained using different normal estimation methods [32, 33, 34] on

the iBims-1 [48] dataset.

Method
Training Data Mean Angular Error

iBims-1 [48] UMDM-USG MAE ↓

StableNormal [32] ✓ 17.2

✓ ✓ 17.0

DSINE [33] ✓ 18.7

✓ ✓ 17.4

Lotus [34] ✓ 17.1

✓ ✓ 16.3

rior performance in underwater image synthesis but also served as a robust data aug-

mentation engine. Its ability to generate physically plausible and alignment-consistent

multi-view data improved the performance of diverse downstream underwater vision

tasks. Although the construction of a certain portion of the U-TMDN is based on

model-generated annotations, the consistent performance gains achieved across multi-

ple downstream tasks demonstrate the effectiveness and reliability of these annotations.

7. Conclusion

In this paper, we presented UMDM-USG, a unified multi-view diffusion model

for underwater scene generation that jointly models appearance, semantic, and geo-

metric views under expressive textual guidance. By treating each modality as a dis-

tinct view of the same underwater scene, UMDM-USG adopts a unified diffusion ar-

chitecture with explicit cross-view representation alignment, enabling coherent and

scalable multi-view generation for complex underwater scenes. We also introduced

U-TMDN, a large-scale, high-quality underwater multi-view dataset. Extensive ex-

periments showed that UMDM-USG achieved superior generation performance and

improved multiple downstream underwater vision tasks as a data augmentation source.

We acknowledge limitations of the current work. Approximately 47% of the seg-

mentation masks in U-TMDN were generated through multi-model fusion rather than

manual annotation, and the depth and normal maps were entirely model-predicted; er-
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rors in these pseudo-labels might propagate into the generated outputs. In addition, the

evaluation of surface normal estimation was conducted on iBims-1, an indoor dataset,

due to the lack of public underwater benchmarks with high-quality ground-truth nor-

mals. Although this choice followed established practice, the domain gap between

indoor and underwater scenes limited the interpretability of these results.

From a multi-view learning perspective, this work shows that principled cross-view

alignment within a generative diffusion framework can yield strong generation quality

and practical downstream benefits. We believe that UMDM-USG and U-TMDN pro-

vide a solid foundation for future research at the intersection of multi-view representa-

tion learning and conditional generation for underwater scene understanding.
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