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Abstract

Most existing underwater instance segmentation ap-
proaches are constrained by close-vocabulary prediction,
limiting their ability to recognize novel marine categories.
To support evaluation, we introduce MARIS (Marine Open-
Vocabulary Instance Segmentation), the first large-scale
fine-grained benchmark for underwater Open-Vocabulary
(OV) Instance segmentation (UOVIS), featuring a limited
set of seen categories and diverse unseen categories. Al-
though OV instance segmentation has shown promise on
natural images, our analysis reveals that transfer to under-
water scenes suffers from severe visual degradation (e.g.,
color attenuation) and semantic misalignment caused by
lack underwater class definitions. To address these is-
sues, we propose a unified framework with two comple-
mentary components. The Geometric Prior Enhancement
Module (GPEM) leverages stable part-level and structural
cues to maintain object consistency under degraded vi-
sual conditions. The Semantic Alignment Injection Mecha-
nism (SAIM) enriches language embeddings with domain-
specific priors, mitigating semantic ambiguity and improv-
ing recognition of unseen categories. Experiments show
that our framework consistently outperforms existing OV
baselines both In-Domain and Cross-Domain setting on
MARIS, establishing a strong foundation for future under-
water perception research. The code is Here'.

1. Introduction

Instance segmentation in underwater imagery plays a cru-
cial role in applications such as marine biodiversity moni-
toring, autonomous underwater vehicles, and environmen-
tal conservation [14, 21]. The goal of this task is to ac-
curately localize and categorize marine objects with pixel-
level instance masks. However, existing approaches heavily
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Figure 1. The challenges of transferring OV instance segmen-
tation to underwater scenarios in terms of (a) datasets and (b-c)
methods, which have motivated the contributions of this study.

rely on dense pixel-wise annotations, which are extremely
costly to obtain in underwater environments[19]. Further-
more, conventional models are limited by the restricted set
of training categories, hindering their ability to general-
ize to unseen species or adapt to novel marine exploration
scenarios[1, 11].

OV learning [2, 4, 53] offers a promising solution by
enabling models to recognize novel categories without ex-
haustive labeling or retraining. While OV segmentation
models have demonstrated strong performance on terrestrial
and natural images, their direct transfer to underwater im-
agery remains unexplored.

We analyze the OV learning paradigm in the context of
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underwater scenarios and identify several key challenges.
The first challenge is data scarcity and coarse-grained
annotations: OV segmentation typically relies on large-
scale[32], diverse annotations[6], as illustrated in Fig. 1(a)
existing underwater datasets, such as UIISI0K [21] and
USIS10K [25], provide labels for only less than 20 cate-
gories. Moreover, many underwater organisms are crudely
grouped into broad classes such as “fish” and “plants.” For
instance, Amphora and Blue Parrotfish are just cat-
egorized as “fish,”. This coarse labeling severely restricts
OV transfer. To overcome this limitation, we present the
MARIS dataset, which introduces 158 fine-grained cate-
gory labels with diverse instances, establishing the first
benchmark for OV segmentation in underwater environ-
ments.

Even with sufficiently annotated data, transferring mod-
els to underwater imagery remains challenging due to the
unique characteristics of underwater environments[39, 49].
Unlike terrestrial images, underwater images are captured
through a medium(water) that induces significant visual
degradations” in Fig. 1(b.1). For instance, organisms whose
body colors closely resemble the surrounding environment
can become visually indistinguishable, and objects may be-
come partially or fully occluded due to lighting conditions
or water turbidity. In essence, such degradations render vi-
sual appearance cues unstable in underwater scenes.

On the other hand, despite these visual degradations,
many underwater objects retain stable geometric properties
that can serve as reliable cues. As shown in Fig. 1(b.2), our
preliminary visualization experiments demonstrate that al-
though fish may lose distinctive color patterns, their body
shapes and fin structures remain discernible. Likewise,
coral colonies exhibit characteristic geometric growth pat-
terns even when their surface textures are degraded. Moti-
vated by this observation, we propose a Geometric Prior
Enhancement Module (GPEM), which exploits geomet-
ric priors to alleviate visual degradations in underwater im-
agery.

Beyond visual degradation, another distinct property of
underwater imagery is semantic ambiguity caused by and
insufficient language priors. As shown in Fig. I(c), cur-
rent VLM, trained primarily on terrestrial data, fail to cap-
ture such fine-grained marine semantics. Motivated by
this, we propose a Semantic Alignment Injection Mech-
anism (SAIM), which integrates domain-specific knowl-
edge via prompt augmentation and embedding enrichment.
By guiding the model with enriched underwater semantics,
SAIM mitigates category ambiguity and improves recogni-
tion of unseen species. Together, GPEM and SAIM func-
tion complementarily, addressing the core challenges of vi-
sual degradation and semantic ambiguity in underwater im-
agery from distinct yet synergistic perspectives.

2color attenuation, low contrast, and light scattering

Our contributions can be summarized as follows:

e New benchmark. We introduce MARIS, the first
large-scale fine-grained dataset for OV underwater in-
stance segmentation, addressing the limitations of exist-
ing datasets with coarse-grained annotations.

* Novel framework. We propose two complementary
modules: GPEM, which leverages stable geometric pri-
ors to alleviate the impact of underwater visual degrada-
tions, and SAIM, which integrates domain-specific se-
mantic knowledge to resolve ambiguity in marine cate-
gory recognition.

* Comprehensive evaluation. Extensive experiments on
MARIS demonstrate that our framework achieves state-
of-the-art performance on underwater instance segmen-
tation and shows strong generalization to unseen marine
categories.

2. Related Work

Underwater Segmentation Underwater scene segmenta-
tion has been supported by several datasets. Early bench-
marks such as SUIM [15], MAS3K [10], and DUT-USEG
[31] provided foundational data but were limited in cate-
gory diversity or annotation quality. More recent efforts, in-
cluding UIIS [24], UIIS10K [21], USIS10K [25], and Sea-
clear [7], expanded scale and scope, while USIS16K [13]
further introduced large-scale pixel-level salient instance
masks with multi-level labels. Nonetheless, these datasets
remain constrained for OV segmentation due to coarse tax-
onomies and limited category coverage. Beyond data, un-
derwater vision faces inherent challenges such as color at-
tenuation, low contrast, and scattering. Traditional methods
adapt general segmentation architectures with underwater-
specific priors and enhancements [11, 24, 37, 52]. Rep-
resentative models include UWSegFormer [58], UISS-Net
[12], and CaveSeg [1]. Recently, Deep Learning [9, 55—
57] and Vision Foundation Models (VFMs)[20, 29, 36, 44],
particularly SAM-based approaches [14, 21, 25], have been
adapted for underwater tasks. These developments high-
light VFMs as a promising direction for robust, scalable
segmentation in aquatic environments. Although underwa-
ter segmentation has progressed considerably, large-scale
training for OV object segmentation remains unexplored.
In this work, we take a step toward addressing this gap.

Open-Vocabulary Segmentation Open-Vocabulary Seg-
mentation (OVS) seeks to segment image regions accord-
ing to an open-world vocabulary, enabling generalization
beyond pre-defined categories. Early works adapted vision-
language models (VLMSs)[30, 38, 40, 42, 43, 54] such
as CLIP [34] to pixel-level tasks. LSeg [17] employed
pixel-wise contrastive learning for zero-shot segmenta-
tion, while proposal-based approaches, including Mask-
Former [3] and ZSSeg [46], generated class-agnostic masks
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Figure 2. Visualization and analysis of the MARIS dataset. (a) Sample images from the MARIS dataset with object annotations. (b)
Class split analysis, including Train Class, Insected Class, and OV Class. (c) Configuration of OV tasks, covering in-domain and cross-

domain settings.

for subsequent classification. FreeSeg [33] unified this
paradigm with a one-shot framework maintaining consis-
tent parameters across tasks. Later methods exploited dense
features and improved efficiency.MaskCLIP [8] extracted
patch-level features directly from CLIP, preserving vision-
language alignment. SAN [47] introduced side adapters
into frozen CLIP backbones, while ODISE [45] employed
diffusion-based image-text embeddings for mask genera-
tion. Other one-stage methods [16, 53], extended the
single-stage paradigm by introducing a matching loss to
enforce better pixel-text alignment. Recent work empha-
sized structural priors and cost aggregation. SCAN [28] en-
hanced feature quality via self-supervised learning. Other
methods such as CAT-Seg and ERR-Seg [2, 4] transferred
CLIP knowledge through cost aggregation without explicit
mask categorization, reducing complexity [18, 41]. Other
approaches, such as frequency-domain modules [48] and
adaptive fusion of SAM and CLIP outputs [35], further im-
proved generalization and adaptability. In this paper, we
make the first attempt to explore the OVS task in underwa-
ter scenarios and propose a novel model paradigm to adapt
OVS models to the underwater domain.

3. MARIS Benchmark

As a foundational step toward underwater OVS, we pioneer
the construction of a dedicated benchmark, which incorpo-
rates precise evaluations.

3.1. Data Collection and Annotation

Our benchmark, MARIS (Marine Instance Segmentation),
is developed to overcome the limitations of existing un-

derwater segmentation benchmarks, which remain scarce
and coarse-grained. Public datasets such as UIIS [24] and
USIS10K [25] contain fewer than 20 annotated categories
and group diverse organisms into broad groups such as
“fish* or “plants* class. Such coarse labeling restricts OV
models from generalizing to unseen or fine-grained cate-
gories. To address this gap, MARIS (Fig. 2(a)) is curated
from multiple complementary sources [24, 25], including
several recently released underwater datasets [13, 15, 21],
which we systematically re-annotate and extend based on
[13]. In total, MARIS comprises over 16K underwater im-
ages categorized into 9 super-classes and 158 fine-grained
subclasses. Unlike prior benchmarks, our annotations ex-
plicitly distinguish detailed categories—for example, the
“fish” super-class is refined into 76 distinct species (see Ap-
pendix for details). This ensures coverage of diverse marine
organisms, artificial objects, and natural substrates. We list
some of the categories in Fig. 2(b). All annotations are pro-
vided at the instance level with pixel-accurate masks, en-
abling detailed structural analysis. This fine-grained label-
ing not only enhances semantic richness but also establishes
MARIS as the first benchmark to support rigorous evalua-
tion of OV instance segmentation in underwater environ-
ments.

3.2. Dataset Split and Experimental Settings

The MARIS dataset contains 5,712 training images and
10,439 validation images. While the initial category ra-
tio was designed as 1:2, the presence of multiple instances
per image resulted in 84 training categories and 115 vali-
dation categories, with 41 overlapping between them. Con-
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Figure 3. Overall framework of the proposed Method. The Geometric Prior Enhancement module strengthens structural representa-
tions via visual-geometric fusion and transformer-based query refinement. The Semantic Alignment Injection mechanism align category

semantics with degraded underwater conditions.

sequently, shown in Fig. 2(b), the training set contains 43
exclusive classes, and the testing set contains 74 exclusive
classes, more details are in the Appendix E-F.

3.2.1. Task Configuration

Based on this split, we define two experimental settings as
illustrated in Fig. 2 (c). In-domain. For in-domain eval-
uation, models are trained on the MARIS training set and
evaluated on the validation set. Cross-domain. To further
assess cross-domain generalization, we design a more chal-
lenging setting where models are trained on COCO[27] and
evaluated on the MARIS validation set. Since COCO and
MARIS share no category overlap, this configuration rig-
orously tests the ability of models to adapt from a generic
dataset to the underwater domain.

4. Method
4.1. Problem Definition

Formally, given an input image I and a set of tex-
tual category descriptions C {c1,¢0,...,¢nts
OVIS model aims to produce a set of instance masks
M = {my,ma,...,my} and corresponding labels Y =
{y1,y2,..., Yk}, where each y; € C may represent cate-
gories that are unseen during training.

4.2. Overall Architecture

Given an input underwater image I, the processing pipeline
of MARIS can be expressed as:

Fo=¢&:(I), Fv=¢&v(D), )
where F ¢ denotes the geometric prior features extracted by
the frozen Geo-Generator, and F'y represents the visual fea-
tures from the frozen CLIP visual encoder. The multi-scale
visual decoder Dy processes Fy and fuses it with Fg via
the visual-geometric fusion module Fy g:

Fve = Fva(Dy(Fv),Fg), (2)
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producing the enhanced visual-geometric representation
Fy ¢ along with a global [CLS] token. The Semantic Align-
ment Injection Mechanism (SAIM) then refines these fea-
tures with semantic embeddings E generated by the frozen
CLIP text encoder:

(Yo, M) = SAIM(Fy ¢, Ep). 3)

The refined feature representation Y, and M are used
to jointly supervise the model through the classification loss
L., and the mask loss L,,,qsk-

4.3. Geometric Prior Enhancement Module

The GPEM is designed for fuse multi-scale CLIP visual
features with depth-derived geometric priors, producing en-
hanced representations that combine semantic context with
structural information.

Multi-scale Visual & Geometric Generator Given hi-
erarchical features {Fg) }E_ | extracted by the frozen CLIP
encoder: {Fg)}le = &y (I), we employ a multi-scale de-
formable attention module to refine local details and long-
range dependencies. The outputs include enhanced features
at each scale and an aggregated global visual representation
F,.:

{FPH, Fin} = MS-DeformAttn ({FY} ) . @)

To incorporate reliable structural cues, we use a frozen
depth encoder [50, 51] to produce multi-scale geometric

features {F(Gl)}lL:1 and a global depth token gs:

l
(P gas} = Ea1). 5)
Visual-Geometric Feature Fusion Fy :
multi-scale visual and geometric representations,
modalities are first projected into a shared latent space:

To integrate
both

PO wORD, RO _wORD. (g



An adaptive weight is then computed for each scale:
ol = o (WOEY | FG)) ™
and the fused feature is obtained as:
F{; = MLP(F{ + o 0 FY)), (8)

where o denotes the sigmoid function, || indicates concate-
nation, and ©® is element-wise multiplication. This formu-
lation allows multi-scale geometric cues to be adaptively
injected, ensuring that structural depth information comple-
ments fine-grained visual features effectively.

Geometry-based Visual & Semantic Bridge To extract
effective visual representations and bridge them with se-
mantic information, we employ a lightweight Q-Former (a
N-layer transformer encoder always used in VLM [5, 23] to
bridge visual and semantic features). The fused geometric-
visual features F@G are processed by the Q-Former to
update the query embeddings Q € RMe*C and the fi-
nal geometry-informed queries are obtained by aggregating
outputs across all scales.

4.4. Semantic Alignment Injection Mechanism

We design the Semantic Alignment Injection Mechanism
(SAIM) from two complementary perspectives: (1) in-
troducing underwater-aware textual prompts and adaptive
template selection, and (2) incorporating geometry-based
global priors to enrich category representations.

Adaptation to Underwater Scenes Generic language
prompts in VLMs often fail to capture underwater-specific
semantics, where degradations such as scattering, low con-
trast, and color attenuation distort object appearance [22,
34]. To address this, we introduce underwater prompts
as environment-aware priors into the text encoder. These
prompts encode five complementary aspects of underwater
scenes: (i) environmental context, (if) water medium and
visibility, (iif) illumination and perception, (iv) depth cues,
and (v) scene interactions, producing refined text embed-
dings that are consistent with underwater visual features.
Nevertheless, upon closer examination, we found
that not all templates contribute equally; some may
even introduce noise under degraded conditions.
For example, in low-light scenarios, certain images
can be effectively matched with prompts such as
a <class> in low visibility conditions,
yet such matches tend to be diluted when averaged with
other less relevant prompts. To adaptively select the most
reliable templates, we compute the similarity between
visual features and all textual templates for each category.
We rank the templates according to the average similarity

across spatial positions and select the top-/V templates with
the highest scores (detailed in Appendix D).

Category Discrimination We fuse the global depth to-
ken g.s with the aggregated mask features F,, to obtain
enhanced representations F ;. The compact pooled feature
F. = Pool(F) is first combined with the adapted text em-
beddings Er to produce the classification predictions:

Yo = F,. 0 E € R9¥C, 9)

Meanwhile, the global depth token g, is fused with the ag-
gregated mask features F',,, to guide the query embeddings
Q and produce the mask: M € R*H*W,

4.5. Training

During training, the model is optimized with a classification
loss L,

Les = CrossEntropy (Y, Ygr)- (10)

implemented as a binary cross-entropy between the pre-
dicted and ground-truth categories, and a mask loss £,

Lonask = DiceLoss(M, My) + BCE(M, M),  (11)

following the same formulation as MaskFormer[53] to su-
pervise the predicted instance masks. Both losses are com-
bined to guide the model toward accurate category recogni-
tion and precise spatial segmentation.

S. Experiments And Results

5.1. Experimental Details

All experiments are conducted on four NVIDIA RTX 4090
GPUs (24GB memory) with the batch size of 16. We eval-
uate two experimental settings (in- and cross-domian) to
comprehensively assess the proposed approach. The repro-
duction of comparative methods is detailed in Appendix B.

5.2. Main Experiments

Experiments for In-Domain Task Table | reports re-
sults on both intersection and OV categories. MARIS con-
sistently outperforms all competing methods under differ-
ent backbones. With ConvNeXt-B, MARIS achieves 52.68
mAP on intersection classes and 39.77 mAP on OV classes,
surpassing the strongest baseline by over 4 points. The im-
provement is further amplified with ConvNeXt-L, where
MARIS reaches 61.55 mAP and 54.02 mAP on intersec-
tion and OV categories, respectively. Overall, MARIS de-
livers the best results across all metrics, with particularly
notable gains under AP75, indicating more accurate and ro-
bust mask predictions. These results demonstrate that our
method effectively enhances category discrimination and
generalization, leading to superior performance in under-
water OV segmentation.
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Table 1. Comparison of in-domain open-vocabulary segmentation performance across different methods and backbones. Our method
consistently outperforms previous approaches on both ConvNext-B and ConvNext-L backbones. Rows with gray background highlight our

method and its improvement over the second-best approach.

Method Publication  Backbone Intersection Class Open-Vocabulary Class Overall Class
mAP AP50 AP75 mAP AP50 AP75 mAP AP50 AP75
OVSeg[26] CVPR’23 ViT-B 37.52 4851 4326 27.21 33.65 3038 3095 39.02 3547
ODISE[45] CVPR’23 ViT-B 41.89 50.74 46.83 30.26 35.68 3254 3471 4156 38.12
SAN[47] CVPR’23 ViT-B 4326 52.18 48.05 31.57 37.09 34.02 36.05 43.06 39.26
FCCLIP[53] NeurIPS’23  ConvNext-B  47.78 57.22 5244 3453 3984 37.15 3926 46.03 42.60
MAFT+[16] ECCV’24 ConvNext-B  48.15 58.26 54.57 3572 40.67 38.88 40.08 47.16 43.33
EOVSeg[32] AAAI'25 ConvNext-B 3798 4895 41.55 27.48 33.89 2956 3122 3926 33.83
Our Method — ConvNext-B  52.68 61.56 57.33 39.77 45.78 42.68 4437 5141 47.90
Oursvs 2nd ~ — — 1453 1330 12.76 14.05 15.11 13.80 1429 1425 14.57
OVSeg[26] CVPR’23 ViT-B 4896 57.92 53.64 44.63 51.89 4825 4641 5423 5036
ODISE[45] CVPR’23 ViT-B 4932 5875 5426 45.18 52.64 4893 4695 55.02 51.07
SAN[47] CVPR’23 ViT-B 50.17 59.63 55.08 46.05 5347 49.76 47778 55.86 5192
FCCLIP[53] NeurIPS’23  ConvNext-L 5429 63.33 5837 50.99 58.66 5457 5217 6033 5592
MAFT+[16] ECCV’24 ConvNext-L 5532 6424 5942 5154 5944 5574 5341 6136 58.88
EOVSeg[32] AAAI'25 ConvNext-L  51.72  63.16 5557 4832 5726 5153 49.53 5936 53.04
Our Method — ConvNext-L  61.55 71.02 66.04 54.02 61.54 5744 56.71 6492 60.51
Oursvs 2nd ~ — — 16.23  16.78 16.62 12.48 12.10 11.70 1330 13.56 11.63

Table 2. Cross-domain open-vocabulary segmentation results.
All models are trained on COCO and evaluated on the MARIS
validation set. Rows with gray background highlight our method
and its improvement over the second-best approach.

Overall Class

Method Publication =~ Backbone

mAP  AP5y AP7s
OVSeg[26] CVPR’23 ViT-B 1895 2430 19.82
ODISE[45] CVPR’23 ViT-B 18.51 23.86 19.40
SANI[47] CVPR’23 ViT-B 19.18  24.63 20.05
FCCLIP[53] NeurIPS’23 ConvNeXt-B  29.79 36.12 33.50
MAFT+[16] ECCV’24 ConvNeXt-B  30.05 36.57 34.11
EOVSeg[32] AAATI'25 ConvNeXt-B  18.90 2591 21.19
Our Method — ConvNeXt-B  32.62 39.60 36.65
Ours vs 2nd ~ — — 12.57 13.03 1254
OVSeg[26] CVPR’23 ViT-B 30.65 40.78  37.90
ODISE[45] CVPR’23 ViT-B 32.82 4195 37.01
SANI[47] CVPR’23 ViT-B 34.05 4220 38.26
FCCLIP[53] NeurIPS’23 ConvNeXt-L  39.46 46.39 43.62
MAFT+[16] ECCV’24 ConvNeXt-L.  40.27 47.89 45.72
EOVSeg[32] AAAT'25 ConvNeXt-L. 3590 4533 40.11
Our Method — ConvNeXt-L.  46.18 5434 51.11
Ours vs 2nd ~ — — 1591 1645 1539

Experiments for Cross-Domain Task Table 2 reports the
results of cross-domain OVS, where models are trained on
COCO and evaluated on the MARIS validation set. As
expected, transferring models across domains leads to a
clear performance drop, reflecting the large domain gap be-
tween terrestrial and underwater imagery. Methods such as
MAFT+ and FCCLIP demonstrate relatively strong gener-
alization, achieving around 30% mAP with ConvNeXt-B
backbones. However, EOVSeg struggles significantly, in-
dicating that techniques relying heavily on domain-specific
cues may fail in cross-domain scenarios. In contrast, our

proposed MARIS framework achieves the best performance
across both ConvNeXt-B and ConvNeXt-L backbones, sur-
passing previous methods by a consistent margin. In par-
ticular, MARIS improves the overall mAP from 30.05 to
32.62 with ConvNeXt-B and from 40.27 to 46.18 with
ConvNeXt-L, highlighting its effectiveness in handling the
severe visual degradations and semantic discrepancies of
underwater environments.

5.3. Ablation Experiments

Ablation Study of GPEM and SAIM  Table 3 reports the
impact of GPEM and SAIM on segmentation performance.
The baseline without either module achieves the lowest
scores. Incorporating improves Intersection Class metrics,
while SAIM mainly benefits intersection Class AP5q and
Overall Class mAP. Notably, the integration of GPEM or
SAIM particularly strengthens the model’s ability to gener-
alize to OV classes. Combining both modules leads to the
best results, with intersection Class mAP of 61.55% and OV
Class mAP of 54.02%, demonstrating their complementary
effects for enhancing both intersection and OV segmenta-
tion.

Effectiveness of Underwater Prompts and Template Se-
lection Table 4 evaluates different underwater prompt
strategies. Adding underwater prompts (UW) already im-
proves all metrics compared to using no prompts. Further,
template selection consistently boosts performance. No-
tably, mixed selection strategy not only enhances general
segmentation accuracy but also strengthens OV class perfor-
mance, demonstrating its effectiveness for handling diverse
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Table 3. Ablation study on the effectiveness of GPEM and
SAIM components. All experiments use large backbones for both
Ec and Ev. Rows with gray background indicate the combination
of both components, achieving the best performance.

Intersection Class Open-Vocabulary Class Overall Class

GPEM  SAIM
mAP  APso  AP7s  mAP  APso AP7s  mAP  APsg  APrs
5429 63.33 5837 5099 58.66 54.57 5217 60.33 5592
4 60.05 68.62 64.61 52.19 58.63 56.05 54.99 62.19 59.10
v 60.88 70.07 64.84 52.16 58.89 5559 55.27 62.88 58.89
4 v 61.55 71.02 66.04 54.02 61.54 5744 56.71 64.92 60.51

Top-10 Best Classes (AP)

== in-Domain

Cross-Domain

Turtle Nautilus  Copperband  Great  Hammerhead  Sea Whale Penguin sailfish Yellow
Butterflyfish ~ White hark Slug Shark Boxfish
sh:

Top-10 Worst Classes (AP)

== in-Domain
Cross-Domain

Pipeline’s. Giant Brain Cancer Plastic  Heniochus  Homarus Lunar  Anyperodon Pomacentrus
Anode Clams Coral Pagurus Bag Varius Fusilier ~ Leucogrammicus Sulfureus

Figure 4. Top-10 Best and Worst Classes: Comparison of in-
domain and cross-domain AP, illustrating performance drops and
gains with geometric-enhanced fusion.

underwater scenes.

Table 4. Ablation study on prompt strategies. All experiments
use base £¢ and &y models. The gray row highlights our final
selection strategy. Bold values indicate the best results per column.

Method Intersection Class Open-Vocabulary Class Overall Class

mAP  APso APrs mAP  APso  AP7;s  mAP  APsp  AP7s

Template 5192 60.74 5631 3792 4282 40.60 4291 4921 46.20
UWTemplate 53.99 6292 58.10 3829 43.88 4097 4389 50.67 47.08
Selection 53.80 6235 59.04 3940 4499 4235 4454 51.17 4830

Ablation Experiments of £ size Table 5 shows that
larger £¢ (vitl) with Convnext-L yields the best in-domain
results, while vitb consistently outperforms in cross-domain
settings. This indicates that vitl benefits from higher capac-
ity under matched distributions, but vitb strikes a better bal-
ance between capacity and generalization, reducing overfit-
ting to in-domain patterns.

Ablation Experiments of Different feature fusion
method Table 6 presents the ablation study on the pro-
posed GPEM and SAIM. Without either component, the
baseline achieves 52.17% mAP overall. Introducing GPEM
brings a clear improvement, raising the overall mAP to
54.99%, which demonstrates its effectiveness in injecting
global prompts to reduce domain discrepancies.

Table 5. Ablation study on the Different £¢ and &y size.

in-Domain Cross-Domain

mAP AP50 AP75 mAP AP50 AP75
vits  ConvNext-B 4236 48.83 4564 30.82 37.62 3493

vitb ConvNext-B  44.54 51.17 4830 32.62 39.60 36.65
vitl  ConvNext-B 4437 51.41 4790 32.07 3855 3573

vits  Convnext-L 5422 6227 57.81 4575 5410 50.40
vitb  Convnext-L 5522 63.37 5932 46.18 5434 51.11
vitl  Convnext-L ~ 56.71 64.92 60.51 4370 51.18 47.98

el %

Table 6. Performance and efficiency comparison of differ-
ent fusion methods. We report overall-class metrics along with
GFLOPS and model size. Rows with gray background indicate
our proposed fusion method.

Method mAP APso AP75 GFLOPS  Params (M)
MLP 4387 50.73  47.36 364G 21.72
add 4352 50.54 46.81 362G 20.94
alphafusion  44.54 51.17 48.30 365G 22.51

o P 5 T ey
7} A xR
& & 3 ]

Input Visual Geometric Fusion Input Visual Geometric Fusion

Figure 5. Qualitative Results of visual information, geometric
information, and their geometric-enhanced fusion, demonstrating
clear improvements (viridis on the left and jet on the right).

5.4. Per-Class Performance Analysis

The Fig. 4 highlights the top-10 and bottom-10 classes in
terms of AP (More in Appendix J). Overall, high-frequency
and visually distinctive categories (e.g., Shark, Turtle, Dol-
phin) achieve consistently high AP across settings, indi-
cating strong generalization. In contrast, rare or visually
ambiguous categories (e.g., Sponges, Anemonefish variants,
Small invertebrates) exhibit large performance gaps, reflect-
ing the challenges of recognition in underwater scenes.

5.5. Cross-Domain and In-Domain Analysis

Overall Performance Degradation in Cross-Domain
In general, cross-domain performance is lower than in-
domain, confirming the effectiveness of domain-specific
knowledge. This suggests that incorporating more ma-
rine knowledge could further improve cross-domain gen-
eralization. On the other hand, it also indicates that our
model, trained on natural scenes, can achieve effective
cross-domain recognition.

Per-Class Failure Case Analysis We observed several
failure cases where AP approaches zero, mostly corre-
sponding to highly specialized species. Small fish such as
Lunar Fusilier and Pomacentrus Leucogrammicus are not
well captured by existing VLMs, likely due to insufficient
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Figure 6. (a) Successful cases and comparisons of our method with other approaches. (b) A fault case where the model misclassifies
Anyperodon Leucogrammicus as Peacock Grouper or Coral Hind. Visually, these species share similarities, which likely

leads to confusion in the model’s prediction.

semantic encoding. These cases highlight the challenges
in cross-domain generalization caused by missing semantic
alignment.

Cross-Domain Outperforming In-Domain Interest-
ingly, Plastic Bag achieves higher AP in cross-domain
evaluation, likely because this object also appears in natural
scenes (e.g., COCO dataset). This demonstrates that our
model can effectively recognize objects in a new domain if
they have been seen during training.

5.6. Analysis of Inference Efficiency and Model
Complexity

As shown in Table 7, our method consistently achieves
higher in-domain mAP across different backbones. Despite
the performance gains, it maintains lower GFLOPS and sig-
nificantly fewer trainable parameters compared to previous
approaches.

Table 7. Comparison of different methods on overall-class
mAP (%) using various backbones. In-domain (id) performance
is reported. Rows with gray background indicate our proposed
method.

Method Backbone mAP (id) FLOPS  Trainable Params. FPS
MAFT+ ConvNext-B 40.08 210G 108.66M  12.20
OVSeg - 39.26 1.84T 408.55M -
Our Method (vits)  ConvNext-B 42.36 259G 22.12M  10.53
Our Method (vitb) ~ ConvNext-B 44.54 365G 22.51M 9.90
Our Method (vitl) ~ ConvNext-B 44.37 721G 22.77M 7.52
MAFT+ ConvNext-L 53.41 368G 223.22M 9.52
OVSeg - 39.26 1.84T 408.55M -
Our Method (vits)  ConvNext-L 54.22 416G 22.33M 8.85
Our Method (vitb) ~ ConvNext-L 55.22 522G 22.82M 8.20
Our Method (vitl) ~ ConvNext-L 56.71 878G 23.09M 6.49

5.7. Qualitative Results.

Qualitative Performance on Visual-Geometric Fusion.
The qualitative comparisons in Fig. 5 demonstrate that inte-

grating visual and geometric information consistently out-
performs using either modality alone.

Qualitative Performance on Segmentation Maps. In
the successful cases (Fig. 6(a)), we compare our method
with other state-of-the-art approaches, namely FCCLIP and
EOV-Seg. For diverse underwater organisms like Abalone,
Atlantic Spadefish, and Blacktail Butterflyfish, our method
demonstrates superior segmentation performance. More
qualitative results are in the Appendix L.

Fault Cases Analysis & Comparison. As shown
in the failure case (Fig. 6(b)), our model misclas-
sifies Anyperodon Leucogrammicus as Peacock
Grouper or Coral Hind, mainly due to their grouper-
like morphology with colorful, patterned bodies. This high-
lights the need for future models to better disentangle visual
similarity from semantic distinctiveness.

6. Conclusion

We introduced MARIS, the first large-scale fine-grained
benchmark for open-vocabulary underwater instance seg-
mentation, addressing the limitations of existing datasets
with coarse-grained labels. Our framework integrates
GPEM to leverage stable geometric cues and SAIM to en-
rich language priors, improving segmentation under chal-
lenging underwater conditions. Overall, MARIS and
the proposed framework provide a robust benchmark and
methodology for open-vocabulary segmentation in chal-
lenging underwater scenarios.

Limitation: While MARIS covers diverse categories,
extreme environments and rare species remain underrepre-
sented, which may limit generalization. Future work will
focus on expanding the dataset and enhancing model ro-
bustness in such scenarios.
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