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Abstract

Accurate segmentation of ultra-high-resolution (UHR) im-
ages, which often exceed tens of millions of pixels, is crit-
ically important in domains such as remote sensing and
biomedical imaging. However, acquiring pixel-level anno-
tations for such high-resolution images is prohibitively ex-
pensive and labor-intensive. While semi-supervised seman-
tic segmentation can significantly reduce the annotation bur-
den, its extension to UHR images holds great potential for
addressing the unique challenges posed by sparse supervi-
sion. To this end, we propose SSR-SAM, a retrieval-style
semi-supervised segmentation framework tailored for UHR
images. Leveraging the promptable paradigm of the Segment
Anything Model (SAM), SSR-SAM treats locally annotated
regions as prompts to retrieve semantically consistent pixels
across the entire image. Building upon this retrieval-style seg-
mentation paradigm, we further introduce prompt-level per-
turbation, a novel trail to deploy consistency regularization
for semi-supervised segmentation. It encourages the model to
learn consistency across predictions guided by diverse visual-
semantic prompts, thereby enhancing generalization on unla-
beled data. We evaluate SSR-SAM on three UHR datasets:
Inria Aerial, BCSS, and URUR. Experimental results show
that SSR-SAM achieves clear performance gains over the
labeled-only supervision, with average mloU improvements
of 4.9%, 4.15%, and 2.5%, respectively. Additionally, SSR-
SAM possesses zero-shot segmentation capability, exhibiting
potential for general retrieval-style segmentation tasks.

Code — https://github.com/LSJ-i/SSR-SAM

Introduction

Semantic segmentation has witnessed significant progress
with the rise of deep learning techniques (Long, Shelhamer,
and Darrell 2015; Chen et al. 2017; Ravi et al. 2024,
Xie et al. 2025). Among its key sub-fields, Ultra-High-
Resolution (UHR) image segmentation has gained atten-
tion in applications like remote sensing and digital pathol-
ogy (Chen et al. 2019a; Li et al. 2021; Shen et al. 2022;
Shan et al. 2021; Sun et al. 2023; Luo et al. 2023). UHR seg-
mentation aims to parse extremely large images containing
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Figure 1: Left: Retrieval-style segment model utilizes local
patch and its category-specific mask as prompt to retrieve the
semantically similar pixels on other regions. Right: Prompt-
level perturbation introduces another trail to deploy consis-
tency regularization within SSS.

dense or large-scale objects such as buildings, roads, or tu-
mor regions, and the immense size and complexity of UHR
data pose unique challenges. To tackle these challenges, pre-
vious works have explored cascade architectures (Cheng,
et al. 2020), multi-scale feature fusion (Madabhushi and Lee
2016; Guo et al. 2022), and collaborative designs (Chen
et al. 2019b), yielding improvements in accuracy and effi-
ciency (Xu et al. 2021; Ji et al. 2023; Wang et al. 2025;
Liu et al. 2024b; Shan and Wang 2022; He, Yang, and Qi
2021; Lai et al. 2021; Yang et al. 2023). However, these
methods remain highly dependent on dense annotations,
which are prohibitively expensive for UHR images. Noting
that UHR images often exhibit semantic sparsity and struc-
tural redundancy, such as repeated or large-scale instances
across megapixels, this opens opportunities to exploit se-
mantic consistency for efficient learning under limited su-
pervision. Motivated by this, we explore semi-supervised se-
mantic segmentation (SSS) for UHR images to reduce anno-
tation cost while preserving segmentation quality.

The field of SSS has progressed rapidly, primarily built
on self-training and consistency regularization (Grandvalet
and Bengio 2004; Pham et al. 2021; Xie et al. 2019). Self-
training uses reliable pseudo-masks, while consistency reg-
ularization enforces stable predictions under input pertur-
bations. Based on these principles, numerous SSS meth-
ods have been proposed (Zhong et al. 2021; Alonso et al.
2021; Kwon and Kwak 2022; Liu et al. 2021), achieving



promising performance with limited labels. More recently,
the integration of pre-trained foundation models such as
CLIP (Radford et al. 2021) and DINO v2 (Oquab et al. 2023)
has further advanced SSS (Hoyer et al. 2025; Yang, Zhao,
and Zhao 2024). Despite this trend, the Segment Anything
Model (SAM) (Kirillov et al. 2023), a foundation model de-
signed for universal segmentation, remains largely underex-
plored in SSS, especially for UHR data. Given SAM’s pow-
erful promptable segmentation across domains (Chen, et al.
2024; Wu et al. 2023), incorporating it into SSS frameworks
has strong potential for improving generalization.

As an interactive segmentation model, SAM generates
masks based on user-defined prompts (e.g., points, boxes, or
text). Despite its strong generalization capability, it is class-
agnostic and lacks the semantic specificity required for se-
mantic segmentation. To address this limitation, recent stud-
ies have introduced learnable prompts or aligned prompts
with external detectors (Zhang et al. 2023; Li, et al. 2023;
Ren et al. 2024; Liu et al. 2024a). While effective to some
extent, these approaches often tie specific categories to fixed
prompt embeddings, restricting flexibility and expressive-
ness. In contrast, we consider prompt diversity a crucial fac-
tor in shaping segmentation outcomes, and leveraging this
diversity offers a new perspective for integrating SAM into
SSS frameworks.

Motivated by the above observations, we propose a
retrieval-style SAM for semi-supervised segmentation on
UHR images, termed SSR-SAM. As Figure 1 shows, SSR-
SAM firstly constructs retrieval-style segmentation. It uti-
lizes objects with known semantics to generate visual-
semantic prompts and uses these prompts to retrieve seman-
tically similar pixels across the entire image. This retrieval-
style paradigm enables the reproduction of masks from
sparse annotations to a much broader unknown extent, sup-
porting efficient and scalable semantic segmentation on
UHR images. Building upon the retrieval-style segmenta-
tion, we further propose prompt perturbation to enhance
semi-supervised training. By deploying consistency regular-
ization on these perturbed prompts and the original prompts,
SSR-SAM enhances the generalization and robustness of
retrieval-style segmentation on UHR images, promoting the
sparse annotation driven accurate segmentation.

To enable SSR-SAM, we firstly propose a Mask-induced
Semantic Prompt Generator (MSPG) to access diverse
visual-semantic prompts. MSPG utilizes the annotations of
labeled patches to generate category-specific masked im-
ages. These category-specific masked patches are then fed
into a pre-trained ViT (Dosovitskiy, et al. 2021), and the
outcome [CLS] tokens are served as the visual-semantic
prompts. Once obtained, these prompts are leveraged not
only during supervised training but also as the foundation
for consistency regularization. Specifically, during training
on labeled images, all visual-semantic prompts are fed into
SSR-SAM to retrieve corresponding category outcomes. For
unlabeled images, we apply prompt perturbation, where the
teacher receives the full set of semantic prompts and the
student is guided by a randomly sampled subset of the
full set. Unlike traditional image- or feature-level pertur-
bations, prompt perturbation introduces variation solely at
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the prompt level, encouraging the student to remain consis-
tent with the teacher’s predictions despite reduced visual-
semantic prompts. When combined with a self-training
pipeline, this design enforces prompt-level consistency regu-
larization and promotes robust learning from unlabeled data.

Empowered by MSPG and prompt perturbation driven
consistency regularization, SSR-SAM forms a retrieval-
style semi-supervised semantic segmentation framework
tailored for UHR images. We evaluate SSR-SAM along-
side state-of-the-art SSS methods on several representative
UHR image benchmarks, including Inria Aerial, URUR, and
BCSS. Experimental results demonstrate the effectiveness
of SSR-SAM, with clear mloU improvements observed on
multiple datasets.

Furthermore, SSR-SAM inherently supports open-set
segmentation. By using any known masked object as the
query, it can retrieve semantically related regions across dif-
ferent images. We validate this zero-shot prediction capa-
bility on the LEVIR-CD dataset, demonstrating the model’s
potential in open-world retrieval-style segmentation.

Our main contributions can be summarized as follows:

* We propose a retrieval-style segmentation framework
based on SAM. A mask-induced semantic prompts
generator is proposed to obtain semantic prompts for
retrieval-style segmentation.

* Based on the retrieval-style segmentation, we introduce
prompts perturbation, a new trail to deploy consistency
regularization under the semi-supervised segmentation.

* Experiments on Inria Aerial, BCSS, and URUR confirm
the effectiveness of SSR-SAM under semi-supervised
conditions. And its zero-shot capability is validated on
LEVIR-CD, highlighting its potential for open-world
segmentation.

Related Work

In this section, we provide a brief review of recent works
related to UHR image segmentation, SSS, and promptable
segmentation.

UHR Image Segmentation

UHR segmentation plays a vital role in domains like re-
mote sensing (Kotaridis and Lazaridou 2021; Yuan, Shi,
and Gu 2021) and digital pathology (Wu et al. 2015; Ku-
mar et al. 2017), where fine-grained analysis of megapixel-
scale images is essential. Recent methods such as Cas-
cadePSP (Cheng, et al. 2020), SGNet (Wang et al. 2025),
and ISDNet (Guo et al. 2022) improve segmentation qual-
ity and efficiency through cascaded refinement, contextual
integration, and multi-resolution processing, respectively.
Transformer-based models (Dosovitskiy, et al. 2021; Xie,
et al. 2021) further enhance global context modeling. How-
ever, semi-supervised solutions tailored for UHR segmenta-
tion remain largely underexplored to date.

Semi-Supervised Semantic Segmentation

SSS has achieved strong performance by combining self-
training with consistency regularization (Chen et al. 2021;



Yu et al. 2019; Bai et al. 2023). CutMix-based methods (Yun
et al. 2019; Chen et al. 2021), FixMatch-style augmenta-
tions (Sohn et al. 2020; Yang et al. 2023), and teacher-
student frameworks (Tarvainen and Valpola 2017; Berth-
elot et al. 2019) dominate this field. Recent approaches
like CorrMatch (Sun et al. 2024) and AllSpark (Wang
et al. 2024) explore correlation-aware learning and labeled-
feature-driven supervision, respectively. Foundation-model-
based methods, e.g., SemiVL (Hoyer et al. 2025), further
improve SSS by incorporating vision-language priors. De-
spite these advances, their application to UHR segmentation
is rarely addressed.

Promptable Segmentation

Promptable segmentation enables flexible mask generation
via interactive inputs (e.g., points, boxes, text). SAM (Kir-
illov et al. 2023) exemplifies this direction with strong gen-
eralization but lacks semantic labeling. Extensions such as
Semantic-SAM (Li, et al. 2023) and Grounded SAM (Ren
et al. 2024) incorporate language models or detection to pro-
vide semantic prompts. Recent works explore SAM in spe-
cialized domains including medical (Zhang et al. 2023; Ma,
et al. 2024) and remote sensing images (Wang, et al. 2024;
Osco, et al. 2023), adapting its capabilities for fine-grained,
domain-specific segmentation. However, its integration into
semi-supervised UHR segmentation remains unexplored.

Methodology

SSR-SAM employs SAM as the backbone, followed by
the Mask-Induced Semantic Prompt to implement retrieval-
style segmentation. Moreover, inspired by UniMatch (Yang
et al. 2023), we develop our semantic prompt perturbation
strategy to enhance consistency regularization.

Mask-induced Semantic Prompt Generation

Our goal is to develop a retrieval-style segmentation frame-
work for UHR images by leveraging promptable segmenta-
tion. The Segment Anything Model (SAM) and its enhanced
variants (Ravi et al. 2024) provide a natural foundation, ex-
hibiting strong performance across diverse real-world sce-
narios and serving as an ideal backbone for our approach.

SAM employs a three-stage architecture: (1) an image en-
coder to extract global features, (2) a prompt encoder to map
various prompt types (e.g., points, boxes, text) into a shared
embedding space, and (3) a mask decoder that treats these
prompt embeddings as queries to retrieve the corresponding
masks from image features. SSR-SAM adopts this paradigm
(Figure 2a) but extends it to capture visual-semantic as-
sociations between similar objects—an essential capability
missing from vanilla SAM.

To address this, we introduce the Mask-induced Seman-
tic Prompt Generator (MSPG), a module that extracts class-
aware semantic prompts from selected object regions. As de-
picted in Figure 2b, MSPG produces rich semantic embed-
dings by applying class-specific masking to local patches
and feeds them into a pre-trained encoder, thereby embed-
ding explicit visual-semantic context into each prompt.
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Let 2! be a labeled image patch and m,. be one of its bi-
nary masks for the category c (e.g., a satellite image patch
and its associated “Water” region). Each pixel in m,. takes a
value of either O or 1. By performing an element-wise prod-
uct, we obtain a masked image that preserves only the fore-
ground of the target category from C categories:

c=0,1,...,C —1 (1)

We feed z* into a pre-trained ViT, and extract the output
[CLS] token as the semantic prompt s., which serves as a
compact category-specific embedding:

Se = M(z) )

Here, M(-) denotes the Mask-induced Semantic Prompt
Generator (MSPG). Applying this process to multiple
category-specific masks of z! yields a collection of semantic
tokens. These tokens form a set of visual-semantic prompts
{s'}, which will be used to guide our retrieval-style segmen-
tation framework.

Since the number of prompts per class can
vary—hindering parallel decoding in SAM—we intro-
duce a learnable query embedding. For each category c,
the MSPG yields a variable-sized set of semantic tokens
Se = {S¢158¢25 -+, Sem, }»» Where n denotes the number
of instances of category c in the images. We introduce a
learnable query vector ¢, € R?. The semantic tokens are
projected to keys and values and a cross-attention operation
compresses the variable-sized token set into a fixed-length
prompt:

m o 1
T, = O me,

Kc: ”ksca‘/c:”vsc (3)
qCKT)

59°™ = softmax < V.. 4

‘ ( Vd @

where W,, W, € R%*? are learnable matrices and K, V; €
R™*4 The resulting s<°™ € R? is used as the final category-
level semantic prompt. This transformation is integrated di-
rectly into the decoder; therefore, in subsequent definitions,
we do not state it explicitly and treat it as an inherent capa-
bility of the decoder.

With this setup, the retrieval-style segmentation pipeline
can be formulated as:

e=g(z), p=hles) o)
Here, g(-) and h(-,-) denote the image encoder and mask
decoder of SAM, respectively. The vector e corresponds to
the image features extracted from an image patch z, and s,
is the visual-semantic prompt of category c.

Furthermore, SSR-SAM naturally enables zero-shot in-
ference. By providing any image along with category-
specific masks, the model can retrieve semantically similar
regions across the image, without knowing its exact cate-
gory. We validate this zero-shot capability on the LEVIR-
CD dataset, and additional implementation details are pro-
vided in the Appendix.

SSS based on UniMatch

Based on the established retrieval-style segmentation
pipeline, we describe the formulation of SSS based on Uni-
Match (Yang et al. 2023), which serves as our UHR SSS
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Figure 2: (a) The framework of SSR-SAM. It deploys semi-supervised segmentation by capture invariance between semantic
prompts of labeled image and their randomly sampled ones. The image- and feature-level perturbation is omitted. (b) The detail
structure of our proposed mask-induced semantic prompts generator. Labeled images’ masks are leveraged to produce multi-
variant prompts for retrieval promptable segmentation and semi-supervised training.

baseline. SSS typically involves two data partitions: a small
labeled set D' = {(z!,4!)} and a large unlabeled set
D* = {z¥}. On the labeled subset, training is conducted
via standard supervised learning. Given a mini-batch of N
labeled samples, the supervised loss is defined as:

Nl

i ZH (), i)

i=1

L= (6

where p' is the model’s prediction, and H(-) denotes the
cross-entropy loss.

To exploit unlabeled data, UniMatch employs weak-
to-strong consistency regularization, inspired by Fix-
Match (Sohn et al. 2020) and other consistency-based ap-
proaches (Xie et al. 2020; Berthelot et al. 2019, 2020). Each
unlabeled image x* undergoes two types of augmentations:
a weak augmentation A" (e.g., cropping, flipping) and a
strong augmentation 4° (e.g., CutMix (Yun et al. 2019),
color jittering). The model is trained to align predictions
from the strongly augmented view with pseudo-labels gen-
erated from the weak view. We follow this paradigm and
construct our retrieval-style framework:

=AY ("), 2° = A°(z") 7
v = g(a"), p¥ = h(e”,{s.}), (8)
e® =g(z*), p* = h(e®, {s.}) ©)

Additionally, UniMatch generates two independent strong
augmentations z°' and z°2 from z" via non-deterministic
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augmentation A°:
7 = A%(z"), 2°2 = A%(z") (10)

These multiple views are used to enforce consistency with
the pseudo-labels from z™.

Beyond image-level augmentations, UniMatch introduces
feature-level perturbation to further enhance invariance. The
weakly augmented input z* is encoded to feature, then per-
turbed using a feature-level operator F (e.g., Dropout). We
also adopt this strategy as:

! =h(F(e"), {sc}) (1)
In conclusion, the final unsupervised loss is:
L = QNMZH max(py’) > 7)-
(12)
1 S w S w
<H(pfyp§”) +3 (H(pil,pi )+ H(p;*, p; )))

Here, N* is the number of unlabeled samples in a batch,
and 7 is a confidence threshold to filter unreliable pseudo-
labels. In our implementation, we retain both image-level
and feature-level perturbations for regularizing consistency
over unlabeled samples.

Visual-Semantic Prompt Perturbation

Most existing SSS methods are built upon conventional
architectures (e.g., ResNet + DeepLabv3+) and closed-set



datasets. However, recent advances push the field toward
more effective and practical paradigms, such as incorporat-
ing foundation models (Hoyer et al. 2025; Yang, Zhao, and
Zhao 2024) and tackling open-set tasks in domains.

Following this trend, SSR-SAM leverages SAM as its
backbone and integrates the Mask-induced Semantic Prompt
Generator (MSPG) to enable retrieval-style segmentation.
To further enhance consistency regularization in SSS, we
propose a novel strategy called visual-semantic prompt per-
turbation. As discussed in Section , modern SSS frameworks
are primarily driven by two components: self-training and
consistency regularization. While SSR-SAM implements
self-training through pseudo-mask generation, traditional
consistency regularization methods mainly focus on pertur-
bations at the image or feature level. However, these strate-
gies do not fully exploit the unique architecture of prompt-
based models.

In SSR-SAM, predictions are directly influenced by se-
mantic prompts in an independent embedding space. Thanks
to MSPG, multiple semantic prompts from labeled data can
be extracted within each class. These class-wise prompt em-
beddings naturally contain intra-class variation, which can
be harnessed as a novel source of perturbation. We refer to
this as visual-semantic prompt perturbation, which comple-
ments existing consistency regularization methods.

Formally, let {s.} denote all semantic prompts extracted
from labeled data, which have C categories and each cate-
gory contains arbitrary prototypes. For each unlabeled im-
age, we sample a fixed number £ of prompts per class (with
replacement) to form perturbed prompts {s?}. The full set
{sL} is used by the teacher network, while the sampled sub-
set {sP} is used by the student network.

Following the notation introduced earlier, the prediction
for the perturbed prompts is:

{st} =o({sch k), p”=h(e" {st}) (13

where o(+) denotes random sampling with replacement and
k is the sample size. Similar to Equation 12, combining all
perturbations at image, feature, and prompts levels, the loss
function of unlabeled images for SSR-SAM can be formu-
lated as:

LY = % Z]l(max(pw) >7)
(- H(p?,p) + 8- H(p*, p") +~ - H(p", p"))

where «, (3, and  are set to balance the effects of multi-
ple perturbations, and we report the ablation of their com-
bination in the Appendix. For simplicity, the dual views of
strong augmentation, x°' and x°2, are denoted collectively,
and their contributions are treated equally. Following the
co-training paradigm, the overall training objective of SSR-
SAM is defined as:

(14)

L=CLl4 (15)

where the ) is set to balance the effect of unlabeled data, and
the default set is 0.5.

To summarize, traditional consistency regularization fo-
cuses on perturbations of image-level and feature-level rep-
resentations (z and e). In contrast, our method pioneers a
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Fully-Sup Method Net mlOU (%)
WSDNet [cvPR23] R18 75.2
GPWFormer  [1JCcAI'23] RI18 76.5

UANet [TGRS24]  VGGI16 83.1

Semi-Sup Method 2% 4% 8% 16%
(labeled images size) (63) (126) (252) (504)
AugSeg [cvpr23]  R101 76.8 77.6 79.1 795
UniMatch [cvPr23] RI101 754 784 81.0 82.6
CorrMatch [cvPrR24] R101 734 77.1 79.6 8l1.1
SemiVL [Eccv24]  CLIP 80.6 814 814 812
UniMatch v2 [tpamr25] DINO 844 854 86.0 86.1
Labeled Only SAM 79.5 80.8 82.1 822
SSR-SAM SAM 847 858 86.7 87.0

Table 1: Comparison of segmentation performance on Inria
Aerial dataset under varying supervision ratios.

Fully-Sup Method Net mlIOU (%)
ADS-UNet [Esa23]  UNet 61.1

DETisSeg (BSpC24]  R50 62.9
SAM-Path [MedAGT'23] SAM 66.0

Semi-Sup Method 1/64 1/32 1/16 1/8
(labeled images size) (106) (213) (426) (853)
CRCFP [MediA24]  R101 - - - 472
AugSeg [cver23]  R101  40.1 437 457 46.1
UniMatch [(cvPr'23]  R101 429 453 464 46.9
CorrMatch [CcVPR24] RI101 443 44.1 459 464
SemiVL [Eccv24] CLIP 506 519 522 50.8
UniMatch v2  [Tpamr25] DINO 47.8 48.6 509 482
Labeled Only SAM 36.1 434 456 50.7
SSR-SAM SAM 39.1 470 521 542
SSR-SAM UNI 55.8 548 575 57.7

Table 2: Comparison of segmentation performance on BCSS
dataset under varying supervision ratios.

new perspective by introducing perturbations in the prompt
space, which play a critical role in promptable segmenta-
tion. Additionally, pseudo-labels (i.e., m) from unlabeled
images can be used to generate auxiliary semantic prompts
during training. The procedure for obtaining these prompts
is detailed in the Appendix, and their impact on prompt per-
turbation is evaluated in Figure 3.

Experiments
Experimental Setup

Dataset: To evaluate the effectiveness of SSR-SAM on real-
world UHR images like remote sensing and medical im-
ages, we benchmark SSS on Inria Aerial (Maggiori et al.
2017), URUR (Ji et al. 2023) and BCSS (Amgad et al.
2019). Inria Aerial has 180 UHR images. Each image con-
tains 5000 x 5000 pixels and is annotated with a binary
mask for building/non-building areas. It covers diverse ur-
ban landscapes, ranging from dense metropolitan districts
to alpine resorts. For this dataset, we follow the protocol



Fully-Sup Method Net mlIOU (%)

ISDNet [CVPR22] RI18 45.8

WSDNet [CcVPR23] RI18 46.9

Semi-Sup Method 2% 4% 8% 16%
(labeled images size) (1078) (2157) (4314) (8628)
AugSeg (cver23] R101  40.2 438 445 424
UniMatch [cvPr23] R101 404 433 425 425
CorrMatch [cvpr24] R101 427 404 40.7 423
SemiVL [Eccv24] CLIP 449 46.1 458 46.1
UniMatch v2 [Tpamr2s] DINO 45.1 455 463 464
Labeled Only SAM 393 416 426 42.1
SSR-SAM SAM  43.0 437 443 447

Table 3: Comparison of segmentation performance on
URUR dataset under varying supervision ratios.

as (Ji et al. 2023; Chen et al. 2019b) by splitting images
into training, validation and testing sets with 126, 27, and
27 images. The URUR dataset contains 3008 UHR images
with size of 5120x 5120, captured from 63 cities. The train-
ing, validation and testing set includes 2157, 280 and 571
images, respectively, with an approximate ratio of 7:1:2.
All the images are exhaustively manually annotated with
pixel-level categories including 8 classes: building, farm-
land, greenhouse, woodland, bareland, water, road and oth-
ers. The BCSS dataset has over 20,000 semantic segmenta-
tion annotations of tissue regions sampled from 151 H&E
stained breast cancer images at 40x magnification from
TCGA-BRCA (Lingle et al. 2016). The annotations include
21 classes. We keep the major 4 classes: Tumor, Stroma,
Inflammatory and Necrosis. The rest are grouped into the
‘others’ class. For URUR and BCSS, we use their official
training, validation, and test splits. Furthermore, we use sev-
eral images from the test set of LEVIR-CD (Chen and Shi
2020) to evaluate the zero-shot capability of SSR-SAM.

Implementation details: We first construct training data by
tiling the UHR images into non-overlapping 1024 x 1024 (on
Aerial and URUR) or 512 x 512 patches (on BCSS). Un-
der this setup, UHR training images of Aerial, BCSS and
URUR are tiled into 3150, 6784 and 53925 patches, respec-
tively. For the prompt encoder and mask decoder, we also
keep the same architecture as the vanilla SAM, except for
adding a prompt compression block in front of the prompt
encoder. We benchmark semi-supervised segmentation with
incremental fractions from 2% to 16% on aerial images and
1/64 to 1/8 on pathological images and the detailed sizes
are shown in Table 1-3. The results of only using the la-
beled data for fully supervised training is annotated as “La-
bel only”. Parameters of the encoder are frozen, the multi-
variant prompt compression, prompt encoder and mask de-
coder of SAM are trainable. AdamW (Loshchilov and Hutter
2018) optimizer with an initial learning rate of 2 x 1074, a
cosine annealing without warm restart scheme (Loshchilov
and Hutter 2016) for learning rate scheduling was used to
update the model weights. All models including reproduced
methods are trained for 100 epochs. Color transformations
and CutMix are used to form .4°. A raw image is resized be-

6392

Perturbations Training size

p’+p’ pP | 63 126 252
79.5 80.8 82.1

v | 831 851 862

v 833 852 863
v v | 847 858 867

Table 4: Ablation study on the effectiveness of deploying
different perturbations on Inria Aerial.

85.6
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Sampling Size

16 32

Figure 3: Comparison of different prompt perturbation
strategies and sampling size on Inria Aerial (126 labeled).

tween 0.5 and 2.0, cropped, and flipped to obtain its weakly
augmented sample. We adopt a channel dropout of 50%
probability for feature perturbation. The confidence thresh-
old 7 is set as 0.9 in all experiments.

Comparison with State-of-the-art Methods

We select five representative methods, i.e., AugSeg (Zhao
et al. 2023), UniMatch (Yang et al. 2023), CorrMatch
(Sun et al. 2024), SemiVL (Hoyer et al. 2025) and Uni-
Match v2 (Yang, Zhao, and Zhao 2024), to benchmark
SSS on the mentioned real-world datasets. While AugSeg
and UniMatch are classical frameworks based on ResNet
& DeepLabv3+, CorrMatch is the current state-of-the-art
with the same backbone and decoder. SemiVL introduces
CLIP (Radford et al. 2021) into SSS, and UniMatch V2 up-
dates the image encoder to DINO v2.

Inria Aerial. As shown in Table 1, our proposed SSR-
SAM significantly outperforms several fully supervised se-
mantic segmentation baselines even under extremely limited
annotations (2% and 4%). Within the semi-supervised set-
ting, we observe a consistent performance hierarchy favor-
ing models built upon large pretrained vision backbones. For
example, methods based on ResNet-101 are generally out-
performed by those using vision-language pretrained mod-
els. This trend aligns with prior findings that leveraging
strong visual priors significantly benefits segmentation un-
der limited supervision. Notably, SSR-SAM achieves the
highest mIoU across all labeled image ratios, respectively.
These results highlight the effectiveness of our method in
low-label regimes. Lastly, comparing SSR-SAM with its
supervised-only counterpart, referred to as the “Labeled
Only” baseline, it outperforms the baseline by 5.2%, 5.0%,
4.6%, and 4.8%, respectively. This consistent improvement
confirms that our prompt perturbation contributes directly to



the performance gains and generalization robustness.

BCSS. As shown in Table 2, SSR-SAM with the UNI
encoder consistently outperforms both fully supervised and
semi-supervised baselines across all annotation ratios on the
BCSS dataset. With only 1/8 of labels, SSR-SAM (with
UNI) achieves 57.7% mloU—approaching the fully super-
vised methods, despite using just a fraction of the annota-
tions. Against existing semi-supervised methods, SSR-SAM
(UNI) consistently leads: under extreme sparsity (1/64),
it attains 55.8% mloU versus 40.1%—-44.3% for ResNet-
based approaches (AugSeg, UniMatch, CorrMatch) and
47.8%—50.8% for CLIP/DINO-based methods (UniMatch
v2, SemiVL), confirming SAM’s strong transferability and
advantages of introducing it to SSS. Comparing to the “La-
beled Only” retrieval baseline, SSR-SAM’s semi-supervised
modules yield substantial gains: using SAM as the back-
bone, prompt perturbation and MSPG boost 1/8 perfor-
mance from 50.7% to 54.2% (+3.5), and switching to the
UNI encoder further raises it to 57.7% (+7.0), highlight-
ing the effectiveness of prompt-based retrieval and consis-
tency regularization, as well as SSR-SAM’s flexibility to
integrate any frozen pretrained backbone while delivering
strong semi-supervised performance.

URUR. As reported in Table 3, SSR-SAM (SAM) sig-
nificantly narrows the gap to fully supervised baselines us-
ing only partial labels. Against traditional semi-supervised
methods, SSR-SAM (SAM) leads clearly: at 2% labels it
attains 43.0% mloU versus 40.2%—42.7% for AugSeg, Uni-
Match, and CorrMatch, confirming its improvements under
sparse supervision. While CLIP- and DINO-based methods
(SemiVL: 44.9%, UniMatch v2: 45.1% at 2%) benefit from
strong visual priors, SSR-SAM’s frozen SAM encoder com-
bined with prompt perturbation still yields competitive re-
sults. Compared to the “Labeled Only” baseline, our semi-
supervised design consistently boosts performance by 3.7,
2.1, 1.7, and 2.6 points at 2%, 4%, 8%, and 16% labels,
respectively—validating that prompt-level consistency is an
effective enhancer in varying scenarios.
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Figure 4: Qualitative comparisons with state-of-the-art methods SemiVL (Hoyer et al. 2025) and UniMatch v2 (Yang, Zhao,

and Zhao 2024). The first to last rows are images from Inria Aerial, BCSS and URUR, respectively. All images are cropped and
scaled into an appropriate region and size for visualization.

Ablation Study and Analysis

Effectiveness of semantic prompt perturbation. In
Table 4, using prompt perturbation alone (p”) achieves com-
parable performance to employing image- and feature-level
perturbations (p® + pf). Combining both regularization
terms yields the best results.

Comparison of prompt perturbation strategies. As
described in Section , we can also generate chaotic semantic
prompts m* from pseudo-masks of x“. We conduct an
ablation by feeding the student network separately with
sampled m!, m*, and their combination (ml & m™), while
the teacher always receives the raw m'. The results are
shown in Figure 2. We observe that sampling from m!,
m*, or both contributes equally to performance, with mloU
ranging only between 84.9% and 85.1%.

Qualitative comparisons. Figure 4 presents qualitative
comparisons with state-of-the-art methods SemiVL and
UniMatch v2. SSR-SAM consistently achieves finer bound-
ary delineation, as highlighted by the bounding boxes.
Zero-shot capability. As reported in the Supplementary
Materials, SSR-SAM demonstrates zero-shot segmentation
ability on aerial images.

Conclusion

In this paper, we have presented SSR-SAM, a novel
retrieval-style framework that leverages the SAM for semi-
supervised segmentation on UHR images. By treating
sparsely annotated patches as semantic prompts, SSR-SAM
effectively propagates label information to semantically
similar regions across predominantly unlabeled data. We
further introduce prompt perturbation as a dedicated con-
sistency regularizer at the prompt level. Through extensive
evaluation on multiple real-world UHR benchmarks, we
demonstrate that SSR-SAM not only achieves state-of-the-
art performance with minimal annotations but also main-
tains strong generalization across diverse scenarios. In future
work, we aim to extend SSR-SAM to broader domains.
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