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A. Robustness Analysis of SAIM

Table 8. Ablation study on TopN selection. We report mAP,
AP50, and AP75 for different TopN values.

TopN mAP AP50 AP75

1 41.73 48.04 45.28
2 43.83 50.45 47.61
5 43.97 50.62 47.77
10 44.37 50.99 48.11
20 44.37 51.41 47.90
50 44.42 51.07 48.18
80 44.33 51.01 48.11

The SAIM module demonstrates strong robustness to the
choice of TopN. Its template selection mechanism remains
stable across different TopN settings, maintaining consis-
tent segmentation performance. This insensitivity reduces
the need for extensive hyperparameter tuning and ensures
reliable performance.

B. Implementation Details
• EOVSeg: We set NUM STAGE to 1, and adopted
ViT-B/16 as an auxiliary encoder. For CLIP pre-trained
parameters, we experimented with both ConvNeXt-B
and ConvNeXt-L.

• FCCLIP: The model was configured with
TRANSFORMER ENC LAYERS = 6 and DEC LAYERS
= 10, and employed CLIP pre-trained weights from both
ConvNeXt-B and ConvNeXt-L.

• MAFT+: We adopted the same transformer settings
(TRANSFORMER ENC LAYERS = 6 and DEC LAYERS
= 10), with CLIP pre-training based on ConvNeXt-B
and ConvNeXt-L.

• MARIS: We followed the same setting as FCCLIP and
MAFT+, i.e., TRANSFORMER ENC LAYERS = 6 and
DEC LAYERS = 10, with CLIP pre-trained parameters
from ConvNeXt-Band ConvNeXt-L.

For all other hyperparameters, we followed the original
papers.

C. Code Release:

Full code and model weights are available at appendix. In-
cludes: (1) Preprocessing scripts for MARIS dataset; (2)
How to intall the environment to start the expriments. (3)
How to run the code to reproduce our results.

D. Template Selection Strategy
I. Mixed-based Selection. Given the similarity tensor
S ∈ RB×H×W×K×T between image patches and text tem-
plates, we compute the average score across spatial posi-
tions:

S̄b,k,t =
1

H ·W

H∑
h=1

W∑
w=1

Sb,h,w,k,t, S̄ ∈ RB×K×T .

(12)
For each category k, we rank the template indices t ac-
cording to S̄b,k,t and select the top-N candidates. The cor-
responding embeddings are gathered and averaged across
batches:

Etop
k =

1

B ·N

B∑
b=1

∑
t∈TopN(S̄b,k,:)

Ek,t. (13)

To balance global and local information, the final category
embedding is obtained by interpolating between the aggre-
gated top-N features and the overall average embedding:

Ek = λ ·Etop
k + (1− λ) · 1

T

T∑
t=1

Ek,t, (14)

where λ controls the contribution of top-ranked templates.
This strategy emphasizes the most discriminative templates
while retaining global semantic consistency.

II. Weighted Top-N Enhancement. Alternatively, we
introduce an adaptive weighting scheme to explicitly en-
hance the contribution of high-confidence templates. Based
on the mean similarity S̄b,k,t, we identify the top-N tem-
plates per category k and construct a binary mask Mb,k,t

where Mb,k,t = 1 if t is in the top-N set and 0 otherwise.
Each selected template is assigned an enhancement factor
α > 1:

Wb,k,t =

{
α, if Mb,k,t = 1,

1, otherwise.
(15)

The weights are normalized across templates to form a
probability distribution:

W̃b,k,t =
Wb,k,t∑T
t=1 Wb,k,t

. (16)

The final category embedding is then computed as the
weighted sum of template features:

Ek =
1

B

B∑
b=1

T∑
t=1

W̃b,k,t ·Ek,t. (17)



This strategy adaptively emphasizes high-confidence tem-
plates without discarding others, leading to a more robust
and discriminative representation.

Practical Consideration. To ensure efficient training and
evaluation, we adopt a simplified yet effective strategy by
performing template selection with only a single randomly
sampled image per category. Although this reduces the
computational cost substantially, our experiments demon-
strate that even a single image provides sufficient discrimi-
native signal to reliably identify informative templates.

E. Dataset Diversity Analysis

Instance Diversity. To provide a comprehensive under-
standing of category coverage in MARIS, we analyze the
distribution of instances across the validation set, as illus-
trated in Fig. 8-Fig. 10. We visualize the relationship be-
tween instance counts and category IDs across different
splits of the MARIS dataset. Fig. 8 reports the distribution
of intersection classes shared between training and valida-
tion, revealing substantial imbalance where frequent species
(e.g., common reef fish) dominate the samples, while rare
species contain fewer than 60 instances. Fig. 9 focuses
on the open-vocabulary (OV) classes that appear only in
the validation set. Although MARIS contains 74 OV cat-
egories, their frequency varies significantly, indicating that
models must handle long-tailed distributions when general-
izing to unseen classes. Finally, Fig. 10 presents the over-
all class distribution, highlighting the combined imbalance
across both seen and unseen categories.

This analysis demonstrates that MARIS is not only fine-
grained but also diverse, covering a wide range of marine
organisms, man-made objects, and substrates. At the same
time, the inherent long-tailed distribution reflects real-world
underwater environments, where rare species often occur
sparsely. Thus, MARIS provides a challenging yet realistic
benchmark for evaluating the generalization ability of open-
vocabulary segmentation models.

Category Diversity. Following the parent category tax-
onomy defined in [13], we analyze the category diversity of
our dataset, as summarized in Tables 9, 10, and 11. This
analysis highlights the extensive coverage of both common
and rare underwater object classes, illustrating the richness
of our dataset. Compared to previous datasets such as Wa-
terMask [24] and UWSAM [21], our dataset not only in-
cludes a broader set of categories but also demonstrates a
more balanced and rational parent category organization.
The breakdown into Intersection, OV, and Overall classes
further supports the validity of our category design, empha-
sizing the dataset’s potential for training robust models and

evaluating generalization across diverse underwater scenar-
ios.

F. Dataset Image Feature Analysis

The underwater validation set is analyzed across nine di-
mensions (in Fig. 7), spanning color space, perceptual qual-
ity, and geometric attributes. These distributions reveal
characteristics highly adapted to underwater imaging condi-
tions, providing crucial support for model evaluation in this
domain. Color space. The RGB channels exhibit balanced
distributions within the 0–250 intensity range, with frequen-
cies concentrated in mid-level values (300–500 counts),
mitigating bias from single-color dominance caused by light
scattering. Hue follows a “middle-high, low-at-extremes”
distribution with peaks around 400 counts, reflecting the
prevalence of neutral tones consistent with water trans-
parency and plankton density. Saturation is concentrated in
the 40–120 range (500–600 counts), with low contributions
at both extremes, aligning with the natural attenuation of
vivid colors caused by underwater light refraction. Percep-
tual quality. Contrast shows a monotonic increase across
the 0–100 range, peaking at 600 counts within 80–100,
which counteracts blurring induced by turbidity. Brightness
values are concentrated in the 100–200 range with proba-
bility density 0.015–0.0175, corresponding well to illumi-
nation variations across depths, thus ensuring visual clarity
and feature discriminability. Geometric attributes. Image
width (0–7000 pixels) and height (0–5000 pixels) are con-
centrated in mid-scales, with peaks in 2000–4000 (width,
3500 counts) and 2000–3000 (height, 2500 counts). Im-
age sizes in the 2×106–6×106 pixel range dominate (7000
counts). Aspect ratios are primarily distributed between
1.0–2.0 (peak 3500 counts), which matches standard under-
water camera formats while preserving object integrity for
targets such as corals and fish. Overall, the validation set
exhibits feature distributions that align closely with under-
water optical characteristics, environmental conditions, and
imaging requirements, thereby providing a reliable basis for
assessing model generalization in tasks such as underwater
object detection and scene segmentation.

G. Acknowledgement of Data Sources

We would like to formally acknowledge the contributions
of the following datasets, which serve as the foundation for
MARIS. The WaterMask [24] dataset provides richly an-
notated underwater imagery for diverse scene understand-
ing tasks. Additionally, the recently released underwater
datasets USIS16K [13], UWSAM [21], and the semantic
segmentation dataset by [15] have been systematically re-
annotated and extended to ensure consistency and compre-
hensive coverage. We are grateful for the efforts of the orig-
inal dataset creators, whose careful data collection and an-
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Figure 7. Validation Set Image Feature Analysis. Comprehensive analysis of the underwater validation set across nine dimensions,
including color space (RGB distribution, hue, saturation), perceptual quality (contrast, brightness), and geometric attributes (width, height,
resolution, aspect ratio).

notation make this work possible.

H. Underwater Prompts

To effectively adapt text embeddings to underwater seman-
tics, we design a comprehensive collection of domain-aware
prompt templates. Beyond generic templates (e.g., “a photo
of a {}”), our design incorporates five additional dimen-
sions that explicitly capture the unique characteristics of un-
derwater imagery: environment, medium/visibility, lighting,
depth, and scene interaction, as summarized in Appendix
Tab. 12-Tab. 14.

Environment-oriented prompts describe contextual
backgrounds such as coral reefs, caves, or shipwrecks (e.g.,
“a {} near a coral reef”), which provide strong location

priors. Medium/visibility prompts reflect variations in wa-
ter clarity, ranging from crystal-clear tropical seas to turbid
or plankton-rich conditions (e.g., “a {} in low visibility
conditions”), thereby modeling visual degradations that
frequently occur underwater. Lighting prompts capture
distinct illumination conditions including bioluminescence,
diver flashlights, or strong sunlight filtering through the
water column (e.g., “a {} illuminated by artificial light
underwater”), which are crucial for robust representation
learning under diverse visual appearances. Depth-related
prompts explicitly encode the ecological and physical
differences across ocean layers, from shallow reefs to the
hadal trenches (e.g., “a {} at mesopelagic depth”), helping
the model disambiguate species that are depth-specific.
Finally, scene/interaction prompts describe dynamic rela-



tionships such as co-occurrence, interactions with divers or
vehicles, and natural behaviors (e.g., “a {} swimming with
other fish underwater”), which improve context awareness.

By enriching textual representations with these
underwater-specific prompts, our method bridges the se-
mantic gap between terrestrial-pretrained vision–language
models and the marine domain. Empirical results in
Tab. 5 confirm that the combination of prompt engi-
neering and adaptive template selection consistently
improves both overall segmentation accuracy and open-
vocabulary generalization, demonstrating the importance of
underwater-aware textual priors in guiding vision–language
alignment.

I. More Qualitative Results.
We present additional qualitative and visualization results
(in Fig. 11 - Fig. 14), where the internal feature visual-
izations further support the effectiveness of our proposed
method. The final segmentation map comparisons demon-
strate improved model confidence and enhanced prediction
capability.

J. More Per-Class Experiment Results.
We further present the per-class performance in Fig. 15,
using category IDs on the x-axis for clearer visualization.
We report results for the top-50 best- and worst-performing
classes. Consistent with our earlier findings, the In-Domain
setting generally outperforms the Cross-Domain setting,
highlighting the importance of underwater scene adaptation
to improve model performance and suggesting the need for
more extensive underwater datasets. Notably, our model
achieves superior Cross-Domain performance on certain
categories, likely due to the broad coverage of the COCO
dataset combined with the strong adaptability of our GPEM
and SAIM methods to underwater scenarios.
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Figure 8. Instance distribution of Intersection Classes in MARIS validation set. Shows the number of instances for classes shared
between training and validation sets.
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Figure 9. Instance distribution of Open-Vocabulary (OV) Classes in MARIS validation set. Shows the number of instances for classes
that appear only in validation.
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Figure 10. Instance distribution of Overall Classes in MARIS validation set. Provides the counts for all classes, giving an overall view
of dataset composition and class imbalance.



Parent Category Child Category (Train)
Human Diver, Swimmer
Fish Achilles Tang, Anampses Twistii, Bicolor Angelfish, Blue Parrotfish, Blue-spotted Wrasse,

Bluecheek Butterflyfish, Bullhead Shark, Enoplosus Armatus, Giant Wrasse, Graysby, Hammer-
head Shark, Lined Surgeonfish, Lionfish, Manta Ray, Mirror Butterflyfish, Mola, Moorish Idol,
Moray Eel, Orbicular Batfish, Potato Grouper, Redsea Bannerfish, Regal Blue Tang, Saddle Butter-
flyfish, Sawfish, Spotted Wrasse, Stoplight Parrotfish, Threadfin Butterflyfish, Trumpetfish, Twin-
spot Goby, Whale Shark, Whitespotted Surgeonfish

Non fish Brain Coral, Common Octopus, Common Prawn, Crinoid, Dolphin, Dugong, Elkhorn Coral, Fan
Coral, Fried Egg Jellyfish, Geoduck, Giant Clams, Killer Whale, King Crab, Linckia Laevigata,
Lion’s Mane Jellyfish, Manatee, Mantis Shrimp, Moon Jellyfish, Nautilus, Oreaster Reticulatus,
Protoreaster Nodosus, Scallop, Sea Anemone, Sea Cucumber, Sea Lion, Sea Urchin, Snake, Spiny
Lobster, Squid, Triton’s Trumpet, Turtle, Walrus

Marine Garbage Can, Plastic Bag, Surgical Mask, Tyre
Wrecked Vehicle Shipwreck, Wrecked Aircraft
Lost item Gun, Phone
Archeology Amphora, Coin, Statue
Underwater equipment Autonomous Underwater Vehicle (AUV), Personal Submarines, Remotely Operated Vehicle (ROV)
Underwater operation Over Board Valve, Propeller, Ship’s Anode

Table 9. Category Diversity Analysis for Train dataset. This table presents a detailed breakdown of parent categories in the dataset,
highlighting the diversity of objects in the training set.

Parent Category Child Category(Only in Train)
Human
Fish Achilles Tang, Anampses Twistii, Bicolor Angelfish, Bullhead Shark, Graysby, Lined Surgeonfish,

Manta Ray, Mirror Butterflyfish, Mola, Moorish Idol, Orbicular Batfish, Potato Grouper, Regal
Blue Tang, Saddle Butterflyfish, Sawfish, Spotted Wrasse, Stoplight Parrotfish, Twin-spot Goby,
Whitespotted Surgeonfish

Non fish Common Octopus, Common Prawn, Crinoid, Killer Whale, King Crab, Lion’s Mane Jellyfish, Man-
tis Shrimp, Scallop, Sea Anemone, Sea Cucumber, Spiny Lobster, Squid

Marine Garbage Can, Surgical Mask, Tyre
Wrecked Vehicle
Lost item Gun, Phone
Archeology Coin
Underwater equipment Autonomous Underwater Vehicle (AUV), Personal Submarines
Underwater operation Over Board Valve, Ship’s Anode

Table 10. Category Diversity Analysis for Class Only in Train dataset. This table presents a detailed breakdown of parent categories in
the dataset, highlighting the diversity of objects in the training set.



Parent Category Child Category (Intersection) Child Category (OV) Child Category (Overall)
Human Diver, Swimmer Diver, Swimmer

Fish Blue Parrotfish, Blue-spotted
Wrasse, Bluecheek Butterfly-
fish, Enoplosus Armatus, Giant
Wrasse, Hammerhead Shark,
Lionfish, Moray Eel, Redsea Ban-
nerfish, Threadfin Butterflyfish,
Trumpetfish, Whale Shark

Anyperodon Leucogrammicus,
Atlantic Spadefish, Blackspotted
Puffer, Blacktail Butterflyfish,
Chromis Dimidiata, Cinnamon
Clownfish, Convict Surgeonfish,
Copperband Butterflyfish, Coral
Hind, Electric Ray, Eritrean But-
terflyfish, Fire Goby, Flounder,
Frogfish, Great White Shark,
Heniochus Varius, Hippocam-
pus, Humpback Grouper, Lunar
Fusilier, Maldives Damselfish,
Ocellaris Clownfish, Orange
Skunk Clownfish, Orange-band
Surgeonfish, Peacock Grouper,
Pink Anemonefish, Pomacen-
trus Sulfureus, Porcupinefish,
Porkfish, Powder Blue Tang,
Pseudanthias Pleurotaenia,
Pyramid Butterflyfish, Rac-
coon Butterflyfish, Red-breasted
Wrasse, Redmouth Grouper,
Sailfish, Scissortail Sergeant,
Sea Dragon, Slingjaw Wrasse,
Sohal Surgeonfish, Spotted Drum,
Threespot Angelfish, Thresher
Shark, Whitecheek Surgeonfish,
Yellow Boxfish

Anyperodon Leucogrammicus, Atlantic Spade-
fish, Blackspotted Puffer, Blacktail Butterflyfish,
Blue Parrotfish, Blue-spotted Wrasse, Bluecheek
Butterflyfish, Chromis Dimidiata, Cinnamon
Clownfish, Convict Surgeonfish, Copperband
Butterflyfish, Coral Hind, Electric Ray, Eno-
plosus Armatus, Eritrean Butterflyfish, Fire
Goby, Flounder, Frogfish, Giant Wrasse, Great
White Shark, Hammerhead Shark, Heniochus
Varius, Hippocampus, Humpback Grouper, Li-
onfish, Lunar Fusilier, Maldives Damselfish,
Moray Eel, Ocellaris Clownfish, Orange Skunk
Clownfish, Orange-band Surgeonfish, Peacock
Grouper, Pink Anemonefish, Pomacentrus Sul-
fureus, Porcupinefish, Porkfish, Powder Blue
Tang, Pseudanthias Pleurotaenia, Pyramid But-
terflyfish, Raccoon Butterflyfish, Red-breasted
Wrasse, Redmouth Grouper, Redsea Banner-
fish, Sailfish, Scissortail Sergeant, Sea Dragon,
Slingjaw Wrasse, Sohal Surgeonfish, Spotted
Drum, Threadfin Butterflyfish, Threespot An-
gelfish, Thresher Shark, Trumpetfish, Whale
Shark, Whitecheek Surgeonfish, Yellow Boxfish

Non fish Brain Coral, Dolphin, Dugong,
Elkhorn Coral, Fan Coral, Fried
Egg Jellyfish, Geoduck, Giant
Clams, Linckia Laevigata, Man-
atee, Moon Jellyfish, Nautilus,
Oreaster Reticulatus, Protoreaster
Nodosus, Sea Lion, Sea Urchin,
Snake, Triton’s Trumpet, Turtle,
Walrus

Abalone, Blue-ringed Octopus,
Cancer Pagurus, Dumbo Octopus,
Hermit Crab, Homarus, Hump-
back Whale, Penguin, Queen
Conch, Sea Slug, Seal, Span-
ner Crab, Sperm Whale, Sponge,
Swimming Crab

Abalone, Blue-ringed Octopus, Brain Coral,
Cancer Pagurus, Dolphin, Dugong, Dumbo Oc-
topus, Elkhorn Coral, Fan Coral, Fried Egg Jel-
lyfish, Geoduck, Giant Clams, Hermit Crab,
Homarus, Humpback Whale, Linckia Laevigata,
Manatee, Moon Jellyfish, Nautilus, Oreaster
Reticulatus, Penguin, Protoreaster Nodosus,
Queen Conch, Sea Lion, Sea Slug, Sea Urchin,
Seal, Snake, Spanner Crab, Sperm Whale,
Sponge, Swimming Crab, Triton’s Trumpet,
Turtle, Walrus

Marine Garbage Plastic Bag Glass Bottle, Plastic Bottle, Plastic
Box, Plastic Cup

Glass Bottle, Plastic Bag, Plastic Bottle, Plastic
Box, Plastic Cup

Wrecked Vehicle Shipwreck, Wrecked Aircraft Wrecked Car, Wrecked Tank Shipwreck, Wrecked Aircraft, Wrecked Car,
Wrecked Tank

Lost item Boots, Glasses, Ring Boots, Glasses, Ring
Archeology Amphora, Statue Anchor, Ship’s Wheel Amphora, Anchor, Ship’s Wheel, Statue

Underwater equipment Remotely Operated Vehicle
(ROV)

Military Submarines Military Submarines, Remotely Operated Vehi-
cle (ROV)

Underwater operation Propeller Pipeline’s Anode, Sea Chest Grat-
ing, Submarine Pipeline

Pipeline’s Anode, Propeller, Sea Chest Grating,
Submarine Pipeline

Table 11. Combined Category Diversity for Validation Dataset. This table integrates Intersection Class, OV Class, Overall Class
for each parent category. It provides a comprehensive overview of category coverage and diversity, highlighting both shared and unique
classes.



Generic Prompt Environment / Background

a photo of a {} a {} underwater
This is a photo of a {} a {} in the ocean
There is a {} in the underwater scene a {} in the deep sea
a photo of a {} in {} a {} near a coral reef
a photo of a small {} a {} in murky underwater conditions
a photo of a medium {} a {} in a tropical sea
a photo of a large {} a {} in a freshwater lake
This is a photo of a small {} a {} in brackish water
This is a photo of a medium {} a {} in shallow coastal water
This is a photo of a large {} a {} in open ocean water

Table 12. Prompt templates for Generic and Environment/Background categories.

Medium / Visibility Lighting / Visual

a {} in turbid blue-green water a {} illuminated by artificial light underwater
a {} in crystal-clear water a {} glowing in bioluminescent light
a {} in highly murky water a {} under dim moonlight underwater
a {} in hazy underwater environment a {} highlighted by a diver’s flashlight
a {} in water filled with plankton a {} glowing faintly in darkness
a {} in low visibility conditions a {} in high-contrast underwater light
a {} in silted water a {} in strong sunlight filtering from above
a {} in cloudy water a {} in shimmering caustics underwater
a {} in algae-rich water a {} under soft ambient blue light
a {} in dark underwater conditions a {} in backlit silhouette underwater

Table 13. Prompt templates for Medium/Visibility and Lighting/Visual categories.

Depth / Distance Scene / Interaction

a {} at shallow depth near surface a {} surrounded by bubbles
a {} at mesopelagic depth a {} swimming with other fish underwater
a {} at bathypelagic depth a {} near a diver underwater
a {} in the hadal zone trench a {} next to an underwater vehicle
close-up of the {} underwater a {} entangled in fishing net underwater
a {} seen from a distance underwater a {} resting near coral
a {} disappearing into darkness a {} hiding under rocks
a {} approaching the camera underwater a {} camouflaged in sand
a {} drifting into the distance a {} gliding through seaweed
a {} hovering at seabed depth a {} chasing prey underwater

Table 14. Prompt templates for Depth/Distance and Scene/Interaction categories.
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enhanced fusion features
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Figure 15. Per-class performance comparison under In-Domain and Cross-Domain settings. Shows how domain shifts affect AP
across different classes.
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